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General Introduction

Lipoxygenases (LOXs) (linoleate: oxygen oxido reductase, EC 1.13.11.12)
are a group of closely related non-heme iron containing dioxygenases. These
enzymes catalyze the addition of molecular oxygen into Poly Unsaturated
Fatty Acids (PUFAs) containing cis, cis 1-4 pentadiene structures to give their
hydroperoxy derivatives. LOXs are essentially ubiquitous among eukaryotic
organisms and have been demonstrated to exist in many tissues of numerous
fungi, higher plants and animals [Gerwick, 1994; Funk, 1996]. Higher plants
and animals contain multiple LOXs with atleast eight identified in soybean,
seven in mouse and five in humans [Boeglin et al., 1998]. High levels of LOX
expression is observed in few plant and animal tissues. They constitute a
major portion of the proteins in soybeans, and 15-LOX represents one of the
main proteins in rabbit reticulocytes during anemia. Soybean and potato are
the well-characterized LOXs in plants. [Reddanna et al., 1990; Chen ef al., 1998;

Reddanna et al., 1988; Nikolaev et al., 1990]

PUFAs containing a series of cis double bonds act as suitable substrates
for LOXs. LOXs are classified according to their positional specificity of
arachidonate oxygenation into 5-, 8-, 9-, 11-, 12- and 15-LOXs [Rapoport et al.,
1979]. The prominent animal LOXs are 5-LOX, 8- LOX, 12-LOX and 15-LOX,

while the plant LOXs are mostly 5-LOX and 15-LOX. The differing chain

lengths of the most common substrates of plants (linoleic and «-linoleic
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acids,18-carbon) and animals (arachidonic acid, 20-carbon) result in a plant 13-

LOX or 9-LOX corresponding to a mammalian 15-LOX or 5-LOX.

LOX proteins have a single polypeptide chain with a molecular mass of
75-80 kDa in animals and 94-104 kDa in plants [Brash, 1999; Shibata et al.,
1995]. All LOXs have a two-domain structure, the small N-terminal p-barrel
domain and a larger catalytic domain containing a single atom of non-heme
iron. The catalytic iron is ligated in an octahedral arrangement by three
conserved histidines, one His/ Asn/Ser and the C-terminal isoleucine [Minor et
al., 1996]. The highest sequence identity between these LOXs is in the portion
of the catalytic domain near the iron atom [Prigge ef al., 1997]. Though most of
the LOXs insert molecular oxygen stereospecifically at ‘S’, recently ‘R” LOXs
also have been reported [Boeglin ef al., 1998; Sunitha et al., 2005]. One of at least
four LOX pathways of arachidonic acid metabolism, the 5-LOX pathway is the
source of potent pro-inflammatory mediators [Brash, 1999]. LOX metabolites
are potent physiological effectors in a variety of cellular responses, associated
with normal host defense and inflammation. In particular, leukotrienes (LTs),
the mediators of allergy and asthma are produced through the 5-LOX

pathway.
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Membrane Phospholipids

Fhospholipase zﬂl

Arachidenic Acid

COX-1/COXZ
ASPIRIN
. iGGE
LTA4 Hvd W{% LTC4 Synthase PGH2
L b / \
LTD4 PG[_)Z PGE2
LTE4 PGF2a

Fig. 1: Arachidonic acid metabolism

(http:/ /img.medscape.com/ fullsize/ migrated /405/963/ch1185.02.lieb.fig1.gif)

The 5-LOX acts preferentially upon unesterified arachidonic acid,
inserting molecular oxygen at the fifth carbon and forming the hydroperoxy
intermediate, 5-hydroperoxyeicosatetraenoic acid (5-HPETE) (Fig. 1) [Funk,
2001]. The same enzyme then catalyzes a dehydration reaction, forming the
unstable epoxide intermediate, leukotriene A4 (LTA4). In intact inflammatory
cells, the presence of 5-LOX activating protein (FLAP) is required to make this
enzyme active [Dixon ef al., 1990]. LTA4 can be further metabolized to LTBs by
LTA4 hydrolase or to LTC4 by conjugation of glutathione at the sixth carbon by

the action of LTC4 synthase [Chang et al., 1987]. Additional studies established
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that LTC4 and its extracellular metabolites LTDs and LTE4 are the constituents
of slow-reacting substances of anaphylaxis (SRS-A), but they are now more
properly termed cysteinyl leukotrienes. The cysteinyl leukotrienes have been
recognized to mimic many of the clinical manifestations of asthma, including
sustained bronchoconstriction, hypersecretion of mucus, and airway edema.
LTEs gets further metabolized to inactive LTF4 by the action of y-glutamyl
transpeptidase. Also LTFs was shown to be formed directly from LTC4 by the

action of carboxypeptidase [Reddanna et al., 2003].

/ LTs, S HETEs
\. Irritable howel I
syndrome

GERD |

Morbus Crohn I
Colitis ulcerosa

Allergie disorders

Inflammatory I

S I disorders

Fig. 2: Pathological effects of 5-LOX

Products of the 5-LOX pathway are thus important mediators of
inflammation. Inhibitors of the 5-LOX pathway, therefore, have a therapeutic
potential in a variety of inflammatory and allergic diseases. These efforts have

resulted in the release of Zileuton (5-LOX inhibitor) and Montelukast
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(leukotriene receptor antagonist) into the market for the treatment of asthma. It
has been also reviewed that 5-LOX plays a key role in Gastroesophageal reflux
disease (GERD). Elevated levels of leukotriene B-4 have been found in blood
and joint fluid from patients with rheumatoid arthritis [Davidson et al., 1983]
and in colonic mucosa from patients with ulcerative colitis or Crohn's disease.
LOX and their products are shown to play important role in tumor formation
and cancer metastasis [Nie et al., 2001]. High expression of 5-LOX was found in
prostate, lung and other cancer cell lines [Anderson et al., 1998; Avis et al.,
1996]. Recent studies have indicated that LOX inhibitors may be superior to
leukotriene-receptor antagonists, as they block the action of the full spectrum
of 5-LOX products whereas leukotriene receptor antagonists would produce
narrower effects. Recently it has been shown that 5-LOX (ALOXS5) is critical
regulator for leukemia cancer stem cells (LSCS) in chronic myeloid leukemia
(CML). Treatment of CML mice with a 5-LOX inhibitor also impaired the
function of LSCS [Chen et al., 2009]. Inhibition of 5-LOX by Vitamin E
[Reddanna et al., 1985] and benzyl propargyl ethers [Barhate et al., 2002] has
been reported. Currently an emerging strategy of therapeutic value consists of
creating molecules with specific 5-LOX inhibition activity. In this study we
have used structure based and ligand based drug design strategies to identify

potential novel 5-LOX inhibitors.
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Objectives framed for the study are:

1. Homology modeling of 5-LOX

2. Structure based lead optimization

3. Pharmacophore modeling of 5- LOX
4. Virtual screening

5. In vitro screening



Chapter -1

Homology Modeling of 5-Lipoxygenase
and docking studies




Chapter-1
Homology modeling of 5-LOX

1.1. Introduction

1.1.1. Introduction to Homology Modeling

Knowledge of the three-dimensional structure of a protein can often
provide invaluable information. The structure can provide hints about
functional and evolutionary features of the protein and in addition, structural
information that is useful in drug design studies. The structure of a protein can,
in theory, be obtained either by the use of experimental information, normally
from X-ray crystallography or NMR spectroscopy or by computational
techniques like comparative modeling or ab initio modeling or threading. The
most widely used and accepted computational approach for structure

prediction is homology modeling.

Homology modeling, also known as comparative modeling of protein
refers to constructing an atomic resolution model of the "target" protein from its
amino acid sequence and an experimental three-dimensional structure of a
related homologous protein (the "template"). Homology modeling methods use
the fact that evolutionary related proteins share a similar structure. Therefore,
models of a protein with unknown structure (target) can be built based on an
alignment of a closely related protein of known structure (template) (Fig 3).
The steps involved in this process are: (i) identification of homolog that can be

used as template(s) for modeling; (ii) alignment of the target sequence to the
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Homology modeling of 5-LOX

template(s); (iii) backbone generation; (iv) loop modeling; (v) side-chain

modeling; (vi) model optimization and (vii) validation of the model [Elmar

Krieger et al., 2003; Sanchez and Sali 1997].

Protein with unknown 3D structure

Identification of a homologous § § %

protein with experimental structure
‘L U

Target/template
sequence alignment

Y

Model building
Refinement & validation

v

Study of protein function and mechanism
Assessment of target druggability
Design of mutagenesis experiments
High-throughput docking
Lead identification and optimization

Drug Discovery Today

Applications to
drug discovery

Fig. 3: Outline of the homology modeling process and its applications in drug discovery.
Given the sequence of a protein with unknown structure, the first step is the
identification of a related protein with known 3D structure that serves as template. An
alignment of the target and template sequences is necessary to assign the
correspondence between target and template residues. A model is then built for the
target based on the alignment and structure of the template, and further refined and
validated. This figure was prepared using Pymol (http:/ /www.pymol.org).

(Taken from: Cavasotto et al., Drug Discov Today 14 (2009) 676-83).

10
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(i) Identification of homolog(s) that can be used as template(s) for modeling

The first task in comparative modeling is to identify all protein
structures related to the target sequence, some or one of which will be used as
templates. This is greatly facilitated by the availability of protein sequence and
structure, databases and softwares for the scanning of these databases. The
target sequence can be searched against sequence databases, such as PIR,
GenBank, or TrEMBL/SWISS-PROT, and/or structure databases, such as the
Protein Data Bank. If the template is a close relative characterized by high
percentage sequence identity (at least 40%) then one can obtain a model
comparable in accuracy to a medium resolution X-ray structure, as shown in

Fig. 4.

100
90 |-
80 -
o Safe homology
60 - modeling zone
50 -
40 -
30
20
10 -

O 1 1 1 1
0 50 100 150 200 250

Number of aligned residues

Twilight zone

Percentage of identical residues

Fig. 4: The two zones of sequence alignments. Two sequences are practically guaranteed
to fold into the same structure if their length and percentage sequence identity fall into
the region marked as ““safe.” An example of two sequences with 150 amino acids, 50%

of which are identical, is shown (cross).
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The tools which are available on World Wide Web to identify the
template are:

1. http:/ /www.ncbi.nlm.nih.gov/cgi-bin/ BLAST /nph-psi_blast/
2. http:/ /www.bmm.icnet.uk/~3dpssm/

3. http:/ /www-cryst.bioc.cam.ac.uk/~fugue

4. http:/ /bioinformatics.burnham-inst.org/pdb_blast

(ii) Alignment of the target sequence to the template(s)

Once the template structure/structures related to the target sequence
are identified, the second task is to prepare a multiple alighment of the target
sequence with the potential template structures. When pair wise sequence
identity is over 25-30% (for more than 80 residues), alignment procedures are
usually straightforward. Alignments may fail for less similarity protein
sequences. There are many programs available for sequence alignment, but

widely used program is CLUSTALW [Thompson et al., 1994].

(iii) Backbone generation

When the alignment is ready, the actual model building can start. The
most widely used approach in comparative modeling is to assemble a model

from a small number of rigid bodies obtained from the aligned protein
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structures [Greer, 1990; Blundell ef al., 1987]. The approach is based on the
natural dissection of the protein structure into structurally conserved regions
(SCRs), structurally variable regions (SVRs) or loops that connect them and

side chains that decorate the backbone.

Creating the backbone is trivial for most of the model: One simply
copies the coordinates of those template residues that show up in the
alignment with the model sequence. If two aligned residues differ, only the
backbone coordinates (N, Ca, C and O) can be copied. If they are the same,
one can also include the side chain (at least the more rigid side chains, since

rotamers tend to be conserved).

(iv) Loop modeling

In the majority of cases, the alignment between model and template
sequence contains gaps i.e. loops or SVRs. The loops are generated by
scanning a database of all known protein structures to identify the
structurally variable regions that fit the anchor core regions and have a

compatible sequence.
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There are two main approaches to loop modeling:

a. Knowledge based: One searches the PDB for known loops with endpoints
that match the residues between which the loop has to be inserted and
simply copies the loop conformation. All major molecular modeling
programs and servers support this approach (e.g., 3D-Jigsaw [Bates and
Sternberg, 1999], Modeller [Sali and Blundell, 1993], Swiss-Model [Peitsch et

al., 2000], or WHAT IF [Vriend, 1990]).

b. Energy based: As in true ab initio fold prediction, an energy function is
used to judge the quality of a loop. Then this function is minimized, using
Monte Carlo or molecular dynamics techniques [Fiser ef al., 2000] to arrive at
the best loop conformation. Often the energy function is modified (e.g.,

smoothed) to facilitate the search.

(v) Side-Chain modeling

The side chains are modeled based on their intrinsic conformational

preferences and on the conformation of the equivalent side chains in the

template structures.
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(vi) Model optimization

Once an approximate model has been produced, the model needs to be
refined further. The stereochemistry of the model is improved either by a
restrained energy minimization or a molecular dynamics refinement.
Idealization of bond energy and removal of unfavorable non-bonded contacts
can be performed by energy minimization with force fields. The refinement
of a primary model should be performed by 300-500 steps of steepest descent,
followed by 500-1000 steps of conjugate gradient energy minimization.
Models optimized by large steps of energy minimization (or molecular
dynamics) usually move away from a control structure. It is thus necessary to
keep the number of minimization steps to a minimum [Elmar Krieger ef al.,
2003]. Constraining the position of selected atoms (such as C alpha or B-
factor based function) in each residue generally helps avoiding excessive
structural drift during force field computations. The modeling can be carried

out using the softwares like MODELLER, INSIGHT-II, Discover Studio, etc.

(vii) Validation of the model

For a homology modeling from any source, it is important to

demonstrate the structural features. Researchers have analyzed three-
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dimensional structures of proteins from which basic principles of protein
structure and folding have been developed. Several programs are available to

assist in this analysis of correctness of a homology model. They are:

a. PROCHECK:

The aim of PROCHECK is to assess how normal or conversely how
unusual, the geometry of the residues in a given protein structure is, as
compared with stereo chemical parameters derived from well-refined, high
resolution structures [Laskowski et al., 1993]. PROCHECK is based on an
analysis of (phi, psi) angles, peptide bond planarity, bond lengths, bond
angles, hydrogen-bond geometry and side-chain conformations of known
protein structures as a function of atomic resolution. Thus, the expected
values of these parameters are known and can be compared to a modeled
structure based on the atomic resolution of the structures from which the

model was developed.
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PROCHECK is available at

(http:/ /www.biochem.ucl.ac.uk/~roman/procheck/procheck.html)

The criteria for analysis of correctness can include:

X/
L X4

Main chain conformations in the Ramachandran plot.

o Planar peptide bonds.

o Side chain conformations that correspond to those in the Rotamer
library.

w» Hydrogen bonding of polar atoms if they are buried.

o Proper environments for hydrophobic and hydrophilic residues.

X/
L X4

No bad atom-atom contacts.

X/
L X4

No holes inside the structure.

In order to check the stereo chemical quality of the structure, all bond
lengths, dihedral angles including phi (®), psi (W) and omega and various chi
angles of the side chains are calculated and examined. In polypeptide the
main chain N-Ca and Ca-C bonds relatively are free to rotate. These rotations
are represented by the torsion angles ® and W, respectively. Fig. 5 shows the

three main chain torsion angles of a polypeptide.
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H = FPeptide
\\ H torsion
| angles.
& N
R I~
]I omega / _-<~
s} P .

Fig.5: Torsion angles of peptide

The @ and W angles are plotted onto Ramachandran map from which the
percentages of ®, W in the allowed and disallowed regions are calculated. In
the Ramachandran plot, the structure is examined for close contacts between
atoms. Angles which cause spheres to collide correspond to sterically
disallowed conformations of the polypeptide backbone. In Fig. 6 the white
areas correspond to conformations where atoms in the polypeptide come
closer than the sum of their van der Waals radii. These regions are sterically
disallowed for all amino acids except glycine which is unique in that it lacks
a side chain. The red regions correspond to conformations where there are no
steric clashes, i.e. these are the allowed regions namely the a-helical and (-
sheet conformations. The yellow areas show the allowed regions if slightly
shorter van der Waals radii are used in the calculation, i.e. the atoms are
allowed to come a little closer together, this brings out an additional region

which corresponds to the left-handed a-helix.
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The Ramachandran Plot.

Left
handed
alpha-helix.

180

+psil

|

-psi Right handed
alpha-helix.
-180 Y
180 - phi 0 + phi 180

Fig. 6: Ramachandran plot showing disallowed region (white), allowed region (yellow) and
most favourable region (red)

Disallowed regions generally involve steric hindrance between the side chain
and main chain atoms. Glycine has no side chain and therefore can adopt ®
and ¥ angles in all four quadrants of the Ramachandran plot. Hence it
frequently occurs in turn regions of proteins where any other residue would
be sterically hindered. Ideally, a good protein structure should have over

90% of the residues in these "core" regions i.e. red color area in Fig. 6.

b. ERRAT:

ERRAT is a protein structure verification algorithm that is especially
well-suited for evaluating the progress of crystallographic model building

and refinement [Colovos et al., 1993]. The program works by analyzing the
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statistics of non-bonded interactions between different atom types. A single
output plot is produced that gives the value of the error function vs. position
of a 9-residue sliding window. By comparison with statistics from highly
refined structures, the error values have been calibrated to give confidence
limits. This is extremely useful in making decisions about reliability.

ERRAT protein submission server is available at

http:/ /nihserver.mbi.ucla.edu/ERRATv2/. The ERRAT program examines a

PDB file, and generates a score based on the quality of the local structure
surrounding each residue, as compared to the typical ranges of dihedral
angles and side chain contacts observed in real proteins. The program
generates a plot which gives a measure of the structure error at each residue

in the protein. It also calculates an overall score for the structural quality.

c. Profile 3D:

The model may contain some errors in the loop region and also in the
wrong alignment of the sequence. These problems can be solved by checking
the residue specific environments (e.g. All N-H and C=O functions are
involved in hydrogen bonding and all polar residues buried) of all the
residues. There are computational methods to evaluate numerical values

representing the residue specific environment in a given structure. These
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numerical values are called 3D profile scores. For a given model 3D profile

scores are calculated from the template and used as control.

After the validation of the stereo chemical properties of the generated
model it can be used for further studies. Homology modeling has become
one of the most important steps in structure based drug design approaches
for the proteins whose structure is not yet known (Fig. 7). Some of the studies
in which homology modeling has been applied at different stages of drug

discovery process are shown in Fig. 8.
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i o ¢ 4 4 o 5
' OERCTERIR

Template

Sequence Alignment Structure

Known Ligand Library

1 Structural ensemble of — Stochastic global energy I
: ligand:receptor complexes minimization in internal coordinates :

Binding site validation and selection
Small-scale high-throughput docking

Binding site clustering

Visual inspection

Selection of binding site(s)

Experimental
Evaluation

High-Throughput
Docking

Drug Discovery Today

Fig. 7: Homology modeling and Structure Based Drug Design : Outline of the ligand-
steered homology modeling method, in which information of known ligands is
explicitly used to shape and optimize the binding site. Starting with the alignment
between the template and target sequences, the structure of the target and a collection
of known ligands of the target (red border), a structural ensemble of ligand:receptor
complexes is generated and optimized through a stochastic global energy
minimization in internal coordinates, eventually including experimental constraints
(light blue border). Binding site candidates thus generated are validated through
binding site clustering, small-scale highthroughput docking, analysis of known
experimental interactions (if any), and visual inspection; one or more binding sites are
selected (orange border), which could be later used in structure-based drug discovery
projects (dark blue border).
(Taken from: Cavasotto et al., Drug Discov Today 14 (2009) 676-83).
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Receptor

Application

BC0371 (member of the enolase superfamily)

Study of protein function

M antigen

Study of protein function

RDH12

Assess the biological role of mutations in the binding site and their
effect on the function of RDH12

Nod-like receptors

Understand the protein mechanism implicated in the immune response

Glut 1 transport receptor

Provide insights into the transport mechanism

NHE1 Understand the access mechanism of Na*/H* exchange

UreF Study of protein mechanism

Prothrombinase (FXa-FVA) Understand prothrombinase function and identify druggable pockets
ECE-2 Understand the loss of catalytic activity of ECE-2 via mutagenesis studies
Lunatic fringe (Lfng) Explain the binding mode of O-linked fucose

MCH-R1 Structure-based lead discovery for antiobesity drugs

RSK-2 Docking-based screening for breast and prostate cancer lead discovery

Cannabinoid receptor 2, human adenosine
A2A receptor, alpha-1-A-adrenoreceptor,
adenosine 3 receptor

Binding mode prediction and elucidation of ligand:protein interactions

Peptide CGP38560 in complex with renin,
Src kinase, PKC theta, GPR109A

Lead or compound optimization

Alpha-glucosidase

Structure-based virtual screening for antidiabetes lead discovery

Cdc25 phosphatases

Structure-based virtual screening for anticancer lead discovery

Protein tyrosine phosphatase SHP2

Structure-based virtual screening for anticancer lead discovery

CK13

Structure-based virtual screening to identify inhibitors for Alzheimer's disease

6-Phosphofructo-2-kinase (PFKFB3)

Structure-based virtual screening for inhibitors against glycolytic flux and
tumor growth.

Fig. 8: Application of homology modeling techniques at different stages of drug discovery

process within the past two years (Taken from : Cavasotto ef al., Drug Discovery Today

14 (2009) 676-83).
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1.1.2. Homology modeling of 5-LOX

As the crystal structure of 5-LOX is yet to be elucidated, modeling
studies will be helpful to obtain a consistent representation of the enzyme-
inhibitor recognition events at the molecular level and furthermore, provide
new insights that can be used to design novel therapeutic agents. The
conserved structural pattern of all LOXs mainly at the catalytic site formed an
advantage for building up an accurate homology model. The structure can
provide hints about functional and evolutionary features of the protein and is

also useful in drug design efforts.

To our best knowledge, the three dimensional (3D) experimental
structure of 5-LOX is not known. To date, structural information for only four
LOXs is available from the Protein Data Bank of Brookhaven (PDB,

www.rcsb.org/pdb): two isoforms from soybeans, 125-LOX, LOX-1 and LOX-3

and one from rabbit reticulocytes, 15-LOX. In this study, the 3D model of 5-
LOX is built by using homology modeling method based on the known
structure of soybean LOX- 3 complexed with 4- nitrocatechol (PDB Id. 1NO3)
[Jankun ef al., 2004]. The 3D model of 5-LOX is used to search the active site

and carry out the binding studies by flexible docking and energy minimization
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methods with known reported 5-LOX inhibitors, thereby further validating the

generated model.

1.2. Materials and Methods
1.2.1. Construction of the 5-LOX model

1.2.1.1. Identification of template

All simulations were performed on the SGI workstation by using
InsightlI software from Accelrys, USA [Accelrys Inc. Insightll; version 2000ed.:
San Diego, CA]. The amino acid sequence of potato 5-LOX (Accession Id:
AADO04258) is obtained from the databank in the National Center for

Biotechnology Information, NCBI (www.ncbi.nlm.nih.gov). The BLAST

program against Protein Data Bank (PDB) [Berman et al., 2000] available at
NCBI was used to select a template structure for homology modeling of 5-
LOX. The crystal structure of soybean LOX-3 (PDB code: 1INO3) was obtained
from PDB database [Berman et al., 2000] and it shares 63% sequence identity
with 5-LOX. The first requirement in the construction of 5-LOX model is the
sequence alignment among these templates. The sequence alignment is based
on identifying structurally conserved regions (SCR) common to the template
and target. The alignment from ClustalW program was used to build the initial

model. To construct a protein model for the target sequence, we used the
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Insightll/Homology program [Homology user guide, Accelrys, Inc.,, San

Diego, USA; 1999] implemented on a Silicon Graphics workstation.

1.2.1.2. Identification of metal binding site composition in LOXs using
ANAMBS and MEDB
1.2.1.2.1. ANAlysis of Metal Binding Sites (ANAMBS):

ANAMBS is a perl standalone tool developed in house for the
identification of the microenvironment of a heteroatom environment in a
protein. The tool can be used to analyze metal binding sites in protein
structures determined by X-ray crystallography, NMR methods or other
computational methods. Computer programs were written in order to extract

relevant data from the PDB and extract the neighborhood of the metal atom.

The user is given an option to alter the cut off distance which ranges
from 1 A to 10 A. In addition to the identification and visualization of the metal
binding sites (MBS) the tool was further developed to calculate the
hydrophobicity in the region. Hydrophobicity is calculated using the
hydropathy index proposed by Kyte ef al. (1982). Regions with a positive value
are hydrophobic. In this scale each amino acid is given a hydrophobicity score
between 4.6 and -4.6; 4.6 being the most hydrophobic, -4.6 the most hydrophilic

(Fig. 9). As metals bind to centers of high hydrophilicity, the knowledge of
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hydrophobicity within the metal binding site is of significance. Number of

atoms within the cut-off region can be obtained. The order of amino acids in

R\KlN\ D Q E|H P|Y W s T G A‘MCVFLVVI
_7‘-4.5‘] -3.9J‘-3.57. -3_57_\7.3.57}-3.5‘}-3.2; 1.6/-1.3/-09| -0.8; 07| -0.4‘\7‘ 1.8J71.9‘L2.5J7‘2.8 L3.8‘_4.27H74.5‘

Fig. 9: Hydropathy Index for the twenty natural amino acids (Kyte and Doolittle)

the metal binding site, their distance and hydrophobicity within the metal
binding site region is valuable information in addition to the generation of the
3D coordinates of the metal binding sites. The most probable coordinating
atoms are also derived as output. The features of the tool are listed in Fig. 10.
In most cases of pairs of homologous proteins, the coordinating amino acids

and their orientation are conserved.

1. FILE 3. TOOLS

a) Open PDB file a) E‘ret Residues
b) Save Results b._l 3D View MBS .
¢) Exit c) Generate Angle Matrix
' d) Generate Hydropathy Plot

2. VIEW 4. HELP

a) View Heteroatom a) About
b) View FASTA b) Manual
c) View PDB Info '

Fig. 10: Features of the tool ANAMBS
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In ANAMBS there are three fields required to define a job. Firstly, a
query PDB file is required in which the metal binding site environment is to be
analyzed. Secondly, the metal group whose binding site is to be analyzed
should be specified. Thirdly, the cut-off distance ranging from 1A to 10A
should be defined. All the amino acids within a sphere of radius equal to the
selected cut-off distance from the metal will be defined as metal binding site

which is used for further analysis as shown in Fig. 11.

74 ANAMBS M| =X
File View Tools Help
PDB Filename: |D:/Documents and Settin
ENTER HETATM [rr——————— FE —~
(in capital):
CUTOFF DIST(A)
4
lj_ GET RESIDUES | GET FASTAI
13579
GET PDB INFO| CLEARALL

FE within 4 & :-

N A

ASN 694 HIS 499 HIS 504 HIS 6590 HOH 842 ILE 839

THE NUMBER OF ATOMS = 1§ v

THE COORDINATING RESIDUES ARE :-

SUN—

Fig. 11: Output obtained for Soybean LOX (PDB id. 1YGE) using ANAMBS for a
cutoff distance of 4 A
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1.2.1.2.2. Metal Environment DataBase (MEDB):

The database MEDB was built using the tool ANAMBS in a modified
fashion. All the PDBs of the respective metalloproteins were obtained via RCSB
advanced query interface and the tool was automated to access the input files
and then stored in the web server. The homepage of the database directs to
various search options as shown in Fig. 12. We have considered biologically
significant metals like Ag, Au, Ca, Cd, Co, Cs, Cu, Fe, Hg, K, Mg, Mn, Na, Ni,
Zn. The tool was used to scan all the obtained PDBs and then get the
coordination environment and hydropathy data. ANAMBS uses a distance
based algorithm to gather the metal coordination data and identifies the most
probable atom candidates for coordination. The calculated data is then inserted
into the database using automated in-house scripts. The working principle

employed is shown in Fig. 13.

I S

Fig. 12: The homepage of MEDB showing various search options
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Select Heteroatom name
. Run ANAMBS
Iy AR Tt ,::> and cutoff distance ut

Search for
Specified metal atom

Find all atoms in

cutoff

View standalone
output in GUI

) =
through
Database ﬂl]:> Web
Application

Fig. 13: Working principle of tool ANAMBS and database MEDB developed

The iron binding site composition in LOXs was analyzed and obtained

using ANAMBS and MEDB.

1.2.1.3. Incorporation of Ferrous atom in 5-LOX metal binding site

Ferrous iron was added to the 5-LOX model using Builder module in
InsightIl so that the iron binding site is consistent with that of the site observed

in crystal structures of other LOX isoforms. It was ligated to three histidines
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(His525, His530 and His716), Asn720 and Ile864. The distances of iron from

coordinating residues were measured and checked with ANAMBS tool.

1.2.1.4. Refinement and validation of the 5-LOX model

Layers of water with thickness 5 A were added to the whole protein
using the SOAK program in the Insightll. A layer of water allows hydrophilic
residues to interact with water instead of interacting with each other as they
would do if modeled in vacuum. The protein model was energy minimized
using CHARMm.cfrc [CHARMM user guide, Accelrys, Inc., San Diego, USA;
1999] forcefield of CHARMM module in Insightll. Constraints were used so
that the distance of Fe-N (His) is 2.1 to 2.3 A and the distance between Fe-O (Ile)
is 2.1 A. The metal binding site was maintained fixed. The minimization was
carried out using 300 steps of steepest descent followed by 500 steps of
conjugate gradient to relieve all the bad contacts of the system. During the
optimization procedure, the structure was verified by Profile-3D. The Profile-
3D tests the validity of hypothetical protein structures by measuring the
compatibility of the hypothetical structure with its own amino acid sequence
[Profile-3D user guide, Accelrys, Inc.,, San Diego, USA; 1999]. To verify the
protein model, the coordinates of the protein model were submitted to

PROCHECK [Laskowski et al., 1993] and ERRAT [Colovos et al., 1993]. The
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stereo chemical quality of the protein structures was examined by a
Ramachandran plot using the PROCHECK program, the number of residues
that are in the allowed or disallowed regions of Ramachandran plot
determines the quality of the model. The ERRAT program was used to assess

the false statistics of bad non-bonded interactions within the structure model.

1.2.2. Docking Studies

For our current docking studies four compounds were selected. One of
them was a standard 5-LOX inhibitor namely, Nordihydroguaiaretic Acid
(NDGA) having ICsp of 1.5 uM [Reddanna et al., 1985] and the other three (BP1,
BP2 and BP3), analogs of benzyl propargyl ether, BP1: 1-(benzyloxy)hept-2-yn-
4-ol having ICso of 760 pM [Barhate et al, 2002], BP2: 1-
[(4methylbenzyl)oxy]hept-2-yn-4-ol having an ICso of 45 pM and BP3: [(hept-2-
yn-1-ylsulfanyl)methyl]benzene showing no inhibition of the 5-LOX activity

[Barhate et al., 2002].

The interactions of BP1-BP3 with 5-LOX active site residues were

thoroughly studied to understand the 5-LOX structure better. Even though

they were structurally not so diverse their activity varied greatly. Hence, more
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emphasis was laid on interactions of NDGA and the three benzyl propargyl

ethers in this study.

The ligands were built using the MOE from the Chemical Computing
Group [MOE Program, Chemical Computing Group Inc., Montréal, Québec,
Canada, 2003]. The structures of the ligands were energy minimized to a RMSD
of 0.001kcal/mol using MMFF94X forcefield. Docking of the inhibitors into 5-
LOX was carried out using GOLD [Jones et al., 1997]. GOLD is based on the
genetic algorithm. It performs docking of flexible ligands into proteins with
partial flexibility in the neighborhood of the active site. The parameters used
for GA were population size (100), selection pressure (1.1), number of
operations (100,000), number of islands (5) and niche size (2). Operator
parameters for crossover, mutation and migration were set to 95, 95 and 10
respectively. To quantitate the interactions in the protein-ligand complexes, the
scoring function GOLD score was employed. Default cutoff values of 2.5 A (dn.
x) for hydrogen bonds and 4.0 A for Van der Waals were employed. Based on
the superimposition of the template, Soybean LOX-3 with 5-LOX 3D structure,
active site was defined as a sphere of 10 A centered on the inhibitor in the
template. During docking, the default algorithm was selected. Input
parameters of the GOLD were set to allow octahedral coordination geometry

to iron. The number of poses for each inhibitor was set to 100, and early
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termination was allowed if the top three bound conformations of a ligand were
within 1.5 A RMSD. After docking, the individual binding poses of each ligand
were observed and their interactions with the protein were studied. The best
and most energetically favorable conformation of each ligand was selected.
Display and examination of the complexes was carried out using MOE
program on windows and QUANTA [QUANTA, Accelrys Inc., San Diego, CA,

USA] implemented on a SGI Octane2 workstation.

1.2.3. Energy Minimization Methods to validate binding site of 5-LOX model
generated

The interactions of the four ligands with 5-LOX active site residues are
thoroughly studied using the molecular mechanics calculations to understand

the 5-LOX structure better and to get hints for better inhibitor design.

Molecular mechanics calculations are useful to calculate the binding
energies, but these methods met with only limited success initially [Sansom et
al., 1992], due to the large approximations involved in the analysis (e.g., solvent
model used, lack of entropic terms, efc.). A few successful studies evaluate
interaction energies and ligand strain in analysis of various binding
conformations of new analogs. The purine nucleoside phosphorylase (PNP)

inhibitors [Montgomery et al, 1993; Erion et al., 1997] were designed
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successfully using these methods. Minimization methods were also used
successfully, for predicting relative binding affinities of protease inhibitors
[Reddy et al., 1998], COX-2 inhibitors [Reddy et al., 2007] and fructose 1-6,
bisphosphatase inhibitors [Reddy et al., 2005] using energies obtained both in

solvent as well as complex phases of each inhibitor.

In our study, the binding affinities of LOX inhibitors were estimated
using energies obtained from minimization methods. The binding modes of
the inhibitors were obtained by carefully aligning docked structures of the
inhibitors in the homology model of the LOX enzyme in the active site. These
inhibitors were evaluated by performing minimization calculations both in
solvent and in complex using the AMBER [Singh et al., 1986] force field. The
following are the technical details used for estimating relative binding affinities
using energy components obtained from minimizations of each inhibitor both

in solvent as well as in complex phases.

Molecular mechanics calculations (energy minimizations) on all the
structures were performed using the BORN module of the AMBER program. A
four-stage protocol was set up for energy minimizations of the protein-
inhibitor complex. Minimization at each stage was performed using 100 steps

of steepest descent and 1500 steps of conjugate gradient algorithms for
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minimization. In the first stage, only the water molecules were minimized,
keeping the inhibitor and the protein (in the complex calculation) fixed. The
purpose of this step is to relieve any bad contacts involving water molecules in
the initially solvated system. In the second stage, only hydrogens in the system
were allowed to relax. This step relaxes the hydrogen atoms prior to relaxing
heavy atoms. It was performed because the hydrogen locations are not
specified by the X-ray structure and because adjustments in hydrogen atom
locations are necessary to improve hydrogen bond geometries. In this third
stage, all atoms of the protein were fixed, while allowing all the atoms of the
inhibitor and the solvent to move during optimization. This stage allows for
the relaxation of the inhibitor with respect to the protein and establishes the
preferred interactions (e.g., hydrogen bonds). In the fourth and final stage, all
the atoms of residues within 25 A from the center of the inhibitor (water

molecules, protein atoms and the ligand) were allowed to relax.

A four-stage protocol was also established for energy minimization of
the solvated inhibitor. These minimizations were carried out using periodic
boundary conditions in all directions and each stage involved 100 steps of
steepest descent and 1500 steps of conjugate gradient optimization. In the first
stage of minimization, only the water molecules were minimized keeping the

inhibitor (i.e., the solute) fixed. In the second stage, only hydrogens in the
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system were allowed to relax. In the third stage, all the atoms of the inhibitor
were allowed to move while fixing the solvent during the optimization. In the
fourth stage of the solvent calculation, all water molecules and all the atoms of

the inhibitor were allowed to relax.

The minimized structures for all the inhibitors in the complexed and

solvated states were used for calculating the following energy variables:

AEpind (Intra) = Ecom(Intra) - Esoi(Intra) 1)

AEvind (Inter) = Ecom(Inter) - Esol (Inter) (2)
where, AEpind(Intra) and AEvind(Inter) are relative intra and intermolecular
binding interaction energies of an inhibitor, respectively, and Ecom(Intra),
Ecom(Inter), Esoi(Intra) and Esoi(Inter) are intra and intermolecular interaction
energies of an inhibitor in the complexed and solvated states, respectively. The
total binding energy, AEpind (Total), of inhibtor is given by,

AEpind (Total) = AEpind(Intra) + AEpind(Inter) 3)
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1.3. Results and Discussion

There are many examples where homology modeling techniques have
supported the drug discovery process especially in the target identification
and/or validation, lead identification as well as lead optimization with respect

to potency and selectivity.

Although various 5-LOX inhibitors have been synthesized or discovered
to date, the direct mechanism by which they interact with 5-LOX is poorly
understood due to the deficiency of structural information about 5-LOX. The
3D structural model of 5-LOX was reported earlier by Du et al., (2006) and
Charlier et al., (2006). Du et al., (2006) developed 3D model of 5-LOX using
rabbit 15-LOX as the template and performed molecular docking simulation
analyses to predict binding free energies for the inhibitors. The correctness of
the constructed 3D structural model of 5-LOX was supported by the correlation
with the Kp values measured by SPR assay. There are limitations in obtaining
sufficient quantity of the purified 5-LOX in stable form from mammalian
sources, so potato tubers are frequently employed as the source for large
amounts of 5-LOX [Whelan et al., 1988] in screening specific inhibitors. Hence,
in our study, we modeled 5-LOX, performed docking studies with already

reported inhibitors (NDGA, BP1, BP2 and BP3) and further calculated relative
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binding energies of docked inhibitors using energy minimization calculations.

Thus the model generated has been evaluated for its accuracy.

The protein model presented here can be used for designing inhibitors
for human 5-LOX because of the high similarity among LOXs in the catalytic
domain containing conserved metal binding residues [Brash, 1999]. The
conserved structural pattern of all LOXs mainly at the active site residues
formed an advantage for building up a reasonable homology model. The
structure can provide hints about functional and evolutionary features of the

protein and is also useful in drug design efforts.

The extent of information derived from the homology model depends
on the quality of the model. Since the accuracy of the homology model is
related to the degree of sequence identity and similarity between the template
and target, template search and sequence alignment is a crucial step in any

homology modeling.
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1.3.1. Generation of 3D structure of 5-LOX

1.3.1.1. Template identification and alignment

The BLASTP searches of PDB identified the crystal structure of Soybean

LOX (PDB id: INO3) as the template structure. A pair wise alignment of the

sequences of the template and the target is presented in Fig. 14. The

structurally conserved regions were determined by multiple sequence

alignment, which is based on the Needleman and Wunsch Algorithm

[Needleman et al., 1970].
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Fig. 14: Alignment of Soybean LOX-3 (INO3) and 5-LOX sequences. Essential sites for

iron binding are denoted by asterisk (*)
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1.3.1.2. Metal binding site composition in LOXs

Metal binding site composition in LOXs was obtained from MEDB as
shown in Fig. 15. The structural pattern was found to be conserved at the iron
binding site. Iron coordinates with 5 amino acids, 3 Histidines Hisn, Hisn+s,
His>n+5; Asn/His and the terminal Ile. The 6th position is occupied by water
molecules in crystal structure and is replaced by Substrate/Inhibitor. The
hydropathy value is -8.3 or -8.6 in all LOXs; -8.6 when Asn occupies the 4t
coordinate site of the iron and -8.3 when His is present. This is due to the
difference in the Kyte and Doolittle hydropathy index values of Asn (-3.5) and

His (-3.2).
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HYDROPATHY (*)

INSIGHTS FROM THE X-RAY CRYSTAL ‘
STRUCTURE OF CORAL 8R- LIPOXYGENASE: | CA A2200--> | OD1 ASN A 416 | OD1

pdb2fnq.ent OXIDOREDUCTASE = CALCIUM ACTIVATION VIA A C2-LIKE DOMAIN \ASP A 391 | OASPA 417 | OE2 GLU A
AND A STRUCTURAL BASIS OF PRODUCT 419 | O PHE A 418 | O THR A 390

CHIRALITY

FEZ2 840--> | OD1 ASN A 654 | NE2AHIS
A 435 | NE2 HIS A 504 | NE2 HIS A 650 FE2 840-->-8.6
| O HOH 841 | OXT ILE A 835

LIPOXYGENASE-1 (SOYBEAN) AT 100K, NEW
1F8N.pdb OXIDOREDUCTASE REFINEMENT
FE2 A 858--> | OD1 ASN A 712 | 019
EGT 871 | NE2 HIS A 518 | NE2 HIS A FEZ A 858-->-8.6
523 | NE2 HIS A 709 | OXT ILE A 857

LIPOXYGENASE-3 (SOYBEAN) COMPLEX WITH
OXIDOREDUCTASE | cprga) | QCATHECHIN (EGC)
FE2 858--> | OD1 ASN A 713 | NE2 HIS

A518 | NE2 HIS A 523 | NE2 HIS A 709  FE2 858->-8.6
| OXT ILE A 857

FE2 A 858--> | OD1 ASN A 713 | O4
DHB 859 | NE2 HIS A 518 | NE2 HIS A FE2 A 858--
523 | NE2 HIS A 709 | OXT ILE A 857

FEZ A 858--> | OD1 ASN A 713 | NE2
HIS A 518 | NEZ HIS A 523 | NE2 HIS A FE2Z A 858--3-8.6
709 | O HOH 150 | OXT ILE A 857

FE2 A 858--> | OD1 ASN A 713 | NE2
HIS A 518 | NE2 HIS A 523 | NE2 HIS A | FE2 A 858-->-8.6
709 | O HOH 224 | OXT ILE A 857

FE2 840--> | NE2 HIS A 499 | NE2 HIS
A 504 | NE2 HIS A 690 | O HOH 1002 | FE2 840-->-5.1
O HOH 1003 | OXT ILE A 839

LIPOXYGENASE-3({SOYBEAN) NON-HEME FE(IT)

OXIDOREDUCTASE  Gerh )| SpROTEIN

LIPOXYGENASE IN COMPLEX WITH
PROTOCATECHUIC ACID

1NBQ.pdb OXIDOREDUCTASE

SOYBEAN LIPOXYGENASE (LOX-3) AT AMBIENT

e TEMPERATURES AT 2.0 A RESOLUTION

‘SOYEEAN LIPOXYGENASE (LOX-3) AT S3K AT

1RRL.pdb OXIDOREDUCTASE 2.0 A RESOLUTION

LIPOXYGENASE-1 (SOYBEAN) AT 100K, N694G

1Y4K.pdb OXIDOREDUCTASE MUTANT

INSIGHTS FROM THE X-RAY CRYSTAL

STRUCTURE OF CORAL 8R- LIPOXYGENASE: FE2 A2100--> | ND2 ASN A 947 | NE2 FE2 AZ100-->-
OXIDOREDUCTASE CALCIUM ACTIVATION VIA A C2-LIKE DOMAIN HIS A 757 | NE2 HIS A 762 | CEL HIS A 5
AND A STRUCTURAL BASIS OF PRODUCT 943 | O ILE A1086 N

CHIRALITY

FE A1854--> | OD1 ASN A 708 | NE2
HIS A 513 | NE2 HIS A 518 | NE2 HIS A FE A1854-->-8.6
704 | O ILE A 853

FE A 901--> | OD1 ASN A 720 | NE2 HIS
A 525 | NE2 HIS A 530 | NE2 HIS A 716  FE A 901-->-8.6
| OXT ILE A 864

FE2 A 840--> | NE2 HIS A 361 | NE2
HIS A 366 | NE2 HIS A 541 | ND1 HIS A | FE2 A 840-->-8.3
545 | OXT ILE A 663

FE2 A1099--> | ND2 ASN A 947 | NE2
HIS A 757 | NE2 HIS A 762 | NE2 HIS A
943 | OXT ILE A1066

FE A 840--> | NE2 HIS A 4595 | NE2 HIS
A 504 | NE2 HIS A 630 | ND1 HIS A 634 FE A 840-->-8.3
| O HOH 1522 | OXT ILE A 839

‘CRYSTAL STRUCTURE OF SOYBEAN
21Ul.pdb OXIDOREDUCTASE LIPOXYGENASE-E

21UK.pdb OXIDOREDUCTASE CRYSTAL STRUE';IRE OF SOYBEAN

LI

REVISED STRUCTURE OF RABEBIT RETICULOCYTE
2POM.pdb OXIDOREDUCTASE POXYGENASE

155-L1

LYASE, ALLENE OXIDE SYNTHASE SR-LIPOXYGENASE
OXIDOREDUCTASE  FROM PLEXAURA HOMOMALLA

FE2Z A1099-->-

3DY5.pdb e

LIPOXYGENASE-1 (SOYBEAN) AT 100K, N694H

1FGM.pdb OXIDOREDUCTASE MUTANT

FE A 840--> | OD1 ASN A 694 | NE2 HIS
A 499 | NE2 HIS A 504 | NE2 HIS A 690  FE A 840-->-8.6
| O HOH 1665 | OXT ILE A 833

FE A 840--> | OD1 ASN A 694 | NE2 HIS
A 499 | NE2 HIS A 504 | NE2 HIS A 690 FE A 840-->-8.6
| © HOH 1472 | OXT ILE A 839

FE A 840--> | OD1 ASN A 634 |
LIPOXYGENASE-1 (SOYBEAN) AT 100K, Q6S7E  NE2AHIS A 495 | NE2 HIS A 504 | NE2
MUTANT HIS A 650 | O HOH 1429 | OXT ILE A

LIPOXYGENASE-1 (SOYBEAN) AT 100K, Q435A

1FGO.pdb OXIDOREDUCTASE MUTANT

LIPOXYGENASE-1 (SOYBEAN) AT 100K, Q485E

1FGQ.pdb OXIDOREDUCTASE MUTANT

1FGR.pdb  OXIDOREDUCTASE FE A 840-->-8.6

FE A 840--> | OD1 ASN A 694 | NE2 HIS
A 499 | NE2 HIS A 504 | NE2 HIS A 630  FE A 840-->-8.6
| O HOH 1594 | OXT ILE A 839

LIPOXYGENASE-1 (SOYBEAN) AT 100K, Q637N

1FGT.pdb  OXIDOREDUCTASE |\ irayr

FE A 858--> | OB 4HM A 861 | OD1 ASN
A 713 | NE2 HIS A 518 | NE2 HIS A 523  FE A 858-->-8.6
| NE2 HIS A 709 | OXT ILE A 857

FE A 858--> | 022B13R A1860 |

ENASE-3 (SOYBEAN) COMPLEX WITH 4-

L1POXYE
1HU9.pdb | OXIDOREDUCTASE | |1ypg GREROXY-2- METHOXY-PHENOL

LIPOXYGENASE-3 (SOYBEAN) COMPLEX WITH 022A13S A1859 | 022C90H A1861 |
OXIDOREDUCTASE  13(S)-HYDROPEROXY- 9(2),11(E)- OD1 ASN A 713 | NE2 HIS A 518 | NE2  FE A 858-->-8.6
OCTADECADIENOIC ACID HIS A 523 | NE2 HIS A 709 | OXT ILE A

and updated by

Fig. 15: Iron binding site information obtained for LOXs in MEDB. It can be seen that
the iron binding site is conserved across all LOXs available in the PDB.
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1.3.1.3. Verification of iron binding site in 5-LOX model using ANAMBS

Comparision of numerous LOX crystal structures led to the
identification of highly conserved residues [Prigge et al., 1997] and important
residues involved in iron chelation [Zhang et al., 1993; Funk et al., 2001]. The
iron binding site of the model was verified using ANAMBS. The iron atom in
5-LOX model follows the structural pattern at the active site residues that is
conserved in all LOXs. It is in distorted octahedral geometry. There are five
amino acid ligands, the imidazole N atoms of three histidine residues His525,
His530 and His716; carboxylate oxygen of the C-terminal isoleucine Ile864 and
the carboxyl oxygen of the amide of an aspargine Asn720 (Fig. 16). The results
of the model were compared with all the existing crystal structures of LOXs

and summarized in Table-1.

Asn 720 ( T
&
Q‘/ His 716

Fig. 16: Iron binding site in the C-terminal catalytic domain of 5-LOX
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Table-1: Comparison of results of the model and crystal structures of LOXs
using ANAMBS. The amino acids within the cutoff distance of

3A from iron are listed.
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PDR ID Amino acids with in “I_llt‘l:llll‘;)iﬁ)g:i?ﬂ Number of atoms
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1.3.1.4. Verification of the stereo chemical quality of the refined model

The model initially generated was energy minimized in CHARMm after
addition of the Ferric ion. The final model obtained was verified with Profile-
3D and Structure Alignment in InsightIl. The overall self-compatibility score
for this protein without the heteroatom is 342.899719 which is higher than the
lower score 178.423093 and close to the top score 396.495761. The Profile-3D

graph of the model is shown in Fig. 17.

Fig. 17: Profile-3D graph of the model. It is observed that most of the
aminoacids have very good score.

The RMSD of the equivalent Ca atoms between the crystal structure INO3
and the model structure of 5-LOX is 0.621534, indicating that the overall

structures are highly identical and that the homology model is reliable.
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The Ca trace of both the template and the model is shown in Fig. 18. The
overall secondary and tertiary structures of both the proteins are quite similar
(Fig. 19). The stereochemical quality of the 5-LOX model was checked using

PROCHECK and ERRAT. (http:/ /nihserver.mbi.ucla.edu/ERRATv2/).

Fig. 18: Ca Trace of the template and the model. Yellow colour shows
the template and red shows the model

46



Chapter-1
Homology modeling of 5-LOX

Fig. 19: Secondary structures of (a) model and (b) template

Ramachandran plot of this minimized model showed that 99.3% of the
residues were located in the allowed regions (82.4% most favored) and only
0.7% (5 residues) outside the allowed regions (Fig. 21). As these disallowed
residues are far from the 5-LOX active site they may not significantly
contribute to its function. Other parameters (Main chain, Side chain) show that
the quality of the model is good (Fig. 20-22). The ERRAT results showed that
the overall quality factor of the protein was good with a score of 88.318 (Fig.

23).
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Plot statistics
Residues in most favoured regions [AB,L] 615 82.46;
Residues in additional allowed regions [a,b,1.p] 118 15.8%
Residues in generously allowed regions [~a~b.~l-p] 8 1.1%
Residues in disallowed regions 5 0.7%
Number of non-glycine and non-proline residues 746 100,05
Number of end-residues (excl. Gly and Pro) 2
Number of glycine residues (shown as triangles) 60
Number of proline residues 56
Total number of residues g6l

Based on an analysis of 118 structures of resolution of at least 2.0 Angstroms
and R-factor no greater than 20%, a good quality model would be expected
to have over 90% in the most favoured regions.

Fig. 20: Ramachandran plot of the 5-LOX model. The amino acids in the red shaded

region are in favourable region, amino acids in yellow shaded region are in

additionally allowed region, amino acids in cream shaded region are in generously

allowed region and those in white shaded region are in the disallowed region. The

results show that only 5 residues of the 5-LOX model are in the disallowed region and
82.4% in the most favored region.

48



Chapter-1
Homology modeling of 5-LOX

PO Main-chain parameters
5 P L
é ]”Ua‘ Ramachandran plot quality assessment 72 Peptide bond planarity - omega angle sd
i x
5 80 £ 20
2 o0
= 3
z 60 g 15
£ £
z 404 2 10
- =
2204 g 35
z @
I 10 15 20 25 30 35 40 10 15 20 25 30 35 40
Resolution (Angstroms) Resolution (Angstroms)
75‘ Measure of bad non-bonded interactions 20 d. Alpha carbon tetrahedral distortion
é 60 %l?.s—
% 50 =2 15.04
= % 1254
=1 12,5
= 40+ =
& = 10.04
% 30 2
g 3 754
= 294 2
5 2 = 5.0
Z 10

15 20 25 30 35 40 L0 15 20 25 30 35 40
Resolution (Angstroms) Resolution (Angstroms)
e. Hydrogen bond energies f. Overall G-factor
2.0 1.0
Z 0.5
= 15
g 0.0
=t
E 0.5
& 104
‘—E -1.0+
-
5 -1.54
5 0.5
& -2.04
1.0 15 20 25 30 35 40 10 15 20 25 30 35 40
Resolution (Angstroms) Resolution (Angstroms)
Plot statistics
Comparison values No. of
No.of Parameter Typical Band  band widths
Stereoche mical parameter data pts value value width  from mean
a. %-tage residues in A, B.L 746 82.4 83.8 10.0 -0.1 Inside
b. Omega angle st dev 862 8.6 6.0 3.0 0.9  Inside
c. Bad contacts / 100 residues 3 0.3 4.2 10.0 -0.4  Inside
d. Zeta angle st dev 804 2.0 3.1 1.6 -0.7  Inside
e. H-bond energy st dev 516 0.7 0.8 0.2 -0.6  Inside
f. Overall G-factor 864 0.2 0.4 0.3 0.5 Inside

Fig. 21: Main chain parameters of 5-LOX model. The six graphs on the main chain

parameters show how the structure (Solid Square) compares with well refined

structures at a similar resolution. The dark band represents the results from well

refined structures and the central line is the least squares fit. The width of the band on

either side corresponds to the deviation about the mean. The results show that the 5-
LOX model is within the results from well defined structures.
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a. Chi-1 gauche minus st dev 110 12.9 18.1 6.5 0.8 Inside
b. Chi-1 trans st dev 245 13.8 19.0 53 1.0 Inside
c. Chi-1 gauche plus st dev 343 13.2 17.5 49 0.9 Inside
d. Chi-1 pooled st dev 698 14.0 18.2 4.8 0.9  Inside
e. Chi-2 trans st dev 185 13.3 20.4 5.0 1.4 BETTER

Fig. 22: Side chain parameters of 5-LOX model. The five graphs on the side chain

parameters show how the structure (Solid Square) compares with well refined

structures at a similar resolution. The dark band represents the results from well

refined structures and the central line is the least squares fit. The width of the band on

either side corresponds to the deviation about the mean. The results show that the 5-
LOX model is within the results from well defined structures.
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Fig. 23: ERRAT plot of the 5-LOX model. The overall measure of quality is given at the

top of the plot and each bar in the histogram is shaded according to the significance of
the local structural error.
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1.3.1.5. Active site analysis

The sixth coordination position of iron faces an open cavity that usually
accommodates the substrate/inhibitor. Fe-O distance with I1e864 is 2.10 A. Fe-

N distance with the Histidines 525, 530 and 716 is between 2.1-3 A.

The overall folding pattern of LOXs is conserved across the available 3D
structures and is also recognized in the 5-LOX model. It is composed of two
folding units; a small N-terminal f-barrel domain, suggested to interact with
lipids and a larger C-terminal catalytic domain, mainly composed of a-helices,
and containing the active site, i.e. iron-binding site and the substrate binding
cleft. Based on the superimposition of soybean LOX-3 and 5-LOX 3D
structures, active site was defined as a sphere of 10 A centered on the inhibitor
co-crystallized with soybean LOX-3. It was observed that the active site of 5-
LOX was quite similar to that of the soybean LOX. Polar residues like GIn521,
Glu787, His530, His525, His271, His783, Thr784, Arg782, Asp276, Argb59,
Asp560, Asn563, Asn565, Asn720, Ser567, Ser863 and Thr279 were distributed
along the 5-LOX active site channel. Acidic amino acids Asp276, Asp560 and
basic amino acids His525, His530 were present in the active site channel and

play vital role in ligand binding. The knowledge of the orientation of these
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active site residues is extremely useful in designing a potential inhibitor of 5-

LOX.

1.3.2. Docking studies

We used the GOLD methodology for the docking studies of NDGA,
BP1, BP2 and BP3 into the 5-LOX structure. The interactions of NDGA with 5-
LOX were studied using MOE and QUANTA. It was observed that NDGA was
located in the center of the active site and was stabilized by hydrogen bonding
interactions. In the molecule there were four hydroxyl moieties, each forming

hydrogen-bonding interactions with the active site amino acids as shown in

Fig. 24, Table-1.

Fig. 24: Hydrogen bonding interactions of NDGA (Compound 1) with the protein
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Table-2: Experimentally measured ICso values for the compounds and hydrogen
bonding analysis of NDGA, BP1, BP2 and BP3. NI = No inhibition.

S.No Compound Experimental Aminoacids in 5-LOX
ICs with which hydrogen
(LM) bonds are formed
NDGA OH 1.5 His271, Asp276, Asp560,
Hy OH Asn563, Ile564 and Asn565
. g
o O CHy
BP1 OH 760 His530 and Asn565
ol R
BP2 M 45 His530 and Asn565
o]
o
HiC
BP3 = NI No hydrogen bonds
S | —

In the first hydroxyl group oxygen makes hydrogen bonding interactions with
the side chain of His271 (O--Ne = 2.75 A) and the hydrogen atom makes
hydrogen-bonding interactions with the main chain of Asp276 (OH O =24
A). In the second hydroxyl group, the hydrogen atom forms hydrogen bonding
interactions with OD2 of Asp560 (OH --OD2 = 2.72 A) and the oxygen atom
forms two hydrogen bonds with amide group of Asn563 (O ---ND2 = 3.46 A).

In the third hydroxyl group, hydrogen atom forms hydrogen bond with the
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main chain atom of Ile564 (OH O = 2.86 A) and oxygen atom forms two
hydrogen bonds with Asn565 (O--~ND2 = 3.16 A). In the fourth hydroxyl
group, hydrogen atom forms one hydrogen bond with His 530 (OH---~ND1 =
3.11 A). And also, NDGA picks-up hydrophobic interactions with Leu282, and

[1e779 protein residues.

Fig. 25: Hydrogen bonding interactions of BP1 with the protein. Hydrogen bond

interactions are shown in single dotted line. Hydrophobic interactions are shown

in double dashed line.
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In addition, NDGA was firmly bound in the open cavity that is in the
sixth coordination of the iron atom and thus prevents the access of the
substrate to the catalytic site of the enzyme efficiently. Hence, it has a very low
ICs0 and possesses high affinity. BP1 formed three hydrogen bonds with 5-LOX
(Fig. 25). The hydroxyl group oxygen forms two hydrogen-bonding
interactions with ND2 (via. HD1 and HD2) of Asn565 (O -ND2 = 3.10 A).
The hydrogen atom forms hydrogen bond with ND1 of His530 (O-H -~ ND1=
2.92 A). BP2 forms the same number of hydrogen bonding interactions as BP1.
In addition, the methyl group of this compound gains strong hydrophobic
interactions with Thr784 (Fig. 26). As a result the BP2 is more potent inhibitor
than the BP1 to 5-LOX. BP3 did not form any hydrogen bond interactions with
the protein except a few hydrophobic interactions (Fig. 27) with the protein
residues. There were no strong interactions to stabilize BP3 in the 5-LOX active
site; hence it showed no inhibition of 5-LOX. The residue Asn720 present in the
5-LOX active site may act as a ligand for iron and is a very important amino
acid for the enzyme’s activity. Based on the comparison of the number of
hydrogen bonds formed between the NDGA and BP1 with the 5-LOX indicates

that the NDGA is more potent inhibitor of 5-LOX than BP1.
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|Eu-282

Fig. 26: Hydrogen bonding interactions of BP2 with the protein. Hydrogen bond
interactions are shown in single dotted line. Hydrophobic interactions are shown in

double dashed line.

Fig. 27: Hydrogen bonding interactions of BP3 with the protein. Hydrogen bond
interactions are shown in single dotted line. Hydrophobic interactions are shown in

double dashed line.
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These results correlate well with the experimental results. The protein
model presented here can also be used as a guide for human 5-LOX inhibitors
due to the high similarity in LOXs in the catalytic domain containing

conserved metal binding residues [Montgomery et al., 1993].

The accuracy of a homology model built depends strongly on the degree
of homology with the template sequence. The homology modeling
methodology we used here for constructing the 5-LOX model may be
adequate because the model is based on a sequence homology of ~63% with
the template. After energy minimization, the refined model structure is
obtained. The final refined model is assessed by Profile-3D and Procheck, and
the results showed that this model is reliable. However, to consider structural
information about the target as well, a theoretical 3D model of 5-LOX was
elaborated by homology with Soybean LOXs, based on consensus alignment of
the sequences. The 5-LOX active site was then characterized from a structural
point of view and used to study the docking of selected inhibitors. This shed
new light on the binding features of the enzyme. The active site pocket in the
protein model constructed is conserved among all the LOXs. Asn720 forms the
tifth coordination with iron, hence is very important residue. The accuracy of
the protein model is reflected in a docking and interactions study with benzyl

propargyl ether inhibitors.
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The docking results correlate well with the activity measured for the
ligands, confirming the feasibility of the current modeling methodology used.
The docking study shows that the amino acids in the ligand binding area are
GIn521, Asn563, Asn565, Ser567, Thr279, His525, Trp526, His530, Asp276,
Asp560, 1le564, Leu572, Leu780 and Ile864, which are consistent with the
template. Finally, hydrogen bonds analysis identified the important hydrogen
bonds between enzyme and inhibitor. The present study is a step towards the
characterization of 5-LOX and its interaction with ligands. Fundamental
understanding of the molecular details of inhibitors/5-LOX interactions
remains very rudimentary in contrast with the extensive studies carried out on
the localization and activation of the enzyme. This model can be considered as
a working tool for generating hypotheses and designing further experimental

studies and more precise predictions of function and drug binding.

1.3.3. Energy minimization studies

The docking and minimization results correlated well with the activity
measured for all the inhibitors which further validated the homology model
(Table-3). This model was considered as a working tool for generating
hypotheses and designing further experimental studies, and more precise

predictions of function and binding affinities of inhibitors. The homology
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model of 5-LOX generated was further used for the identification of novel

potential 5-LOX inhibitors.

Table-3: Binding energies calculated using the Eq. 3 and the experimentally measured
ICso values for the compounds considered in the validation study

S. No. Ligand name Ligand structure Ebing (Total) Experimental
(kcal/mole) ICsy (UM)
1 Nordihydroguaiaretic acid (NDGA) OH 255 1.5
= _OH
CHy &
HO S
A by
2 1-(benzyloxy)-2-heptyn-4-ol o 11.6 760
r = AY
—0 —
= CHg
'
W
3 1-[(4methylbenzyl)-oxy]-2-heptyn-4-ol M 214 45
Oj,—x_
. \
— cH,
)
W
!
HoC
4 [(Hept-2-yn- I-ylsulfanyl} methyl]benzene ST 10.5 NI
(or) 1-(benzylsulfanyl)-2-heptyne ) haa
—\ CHy
"
\ 7

The minimization results correlated well with the activity measured for all the

inhibitors which further validates the homology model. Docking studies have

resulted in identification of crucial amino acids in the active site which can be

targeted in Structure based drug design studies.

5-LOX, an important enzyme involved in the LTs synthesis pathway,

has aroused considerable interest and been developed as a major target for the

discovery of anti-inflammatory agents. Although various 5-LOX inhibitors
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have been synthesized or discovered to date, the direct mechanism by which
they interact with 5-LOX is poorly understood due to the deficiency of
structural information about 5-LOX. The 3D structural model of 5-LOX was
reported earlier by Du ef al., (2006) and Charlier et al., (2006). Du et al., (2006)
developed 3D model of 5-LOX using rabbit 15-LOX as the template and
performed molecular docking simulation analyses to predict binding free
energies for the inhibitors. The correctness of the constructed 3D structural
model of 5-LOX was supported by the correlation with the Kp values measured
by SPR assay. There are limitations in obtaining sufficient quantity of the
purified 5-LOX in stable form from mammalian sources, so potato tubers are
frequently employed as the source for large amounts of 5-LOX [Whelan ef al.,
1988] in screening specific inhibitors. Hence, in our study, we modeled 5-LOX,
performed docking studies with already reported inhibitors (NDGA, BP1, BP2
and BP3) and further calculated relative binding energies of docked inhibitors

using energy minimization calculations.
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Conclusions

A theoretical 3D model of 5-LOX was elaborated by homology with
soybean LOXs based on consensus alignment of the sequences. The 5-LOX
active site was characterized from a structural point of view and used to study
the docking of selected inhibitors. This shed new light on the binding features
of the enzyme. The active site pocket in the protein model constructed is
conserved among all the LOXs. The residue Asn720 forms the fifth
coordination with iron, hence is very important residue. The accuracy of the
protein model is reflected in docking and minimization studies with benzyl
propargyl ether inhibitors. The minimization results correlated well with the
activity measured for all the inhibitors which further validates the homology
model. Finally, hydrogen bond analysis identified the important hydrogen
bonds between enzyme and inhibitors. Fundamental understanding of the
molecular details of inhibitors/5-LOX interactions remains very rudimentary,
in contrast with the extensive studies carried out on the localization and
activation of the enzyme. The present study is a step towards the
characterization of 5-LOX and its interaction with ligands. This model can be
considered as a working tool for generating hypotheses and designing further
experimental studies and more precise predictions of function and binding
affinities of inhibitors. The studies presented here provide a pathway to design

novel anti-asthma/ anti-cancer compounds.
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2.1. Introduction

2.1.1. Introduction to de novo design

The de novo design of protein ligands has recently gained increased
attention [Miranker et al., 1991; Ji et al., 2003; Nugiel et al., 2010; Tondi et al.,
2005]. Most effort so far has focused on the calculation of favorable binding sites
and on the docking of given ligands into the binding pocket of a protein
[Dessalew et al., 2007]. Structure-based drug design (Fig. 28) encompasses both
lead generation (through virtual screening, including molecular docking) and
lead optimization/de novo design. While structure-based virtual screening is
emerging as an increasingly powerful tool for lead discovery, structure based
lead optimization has played a crucial role in drug discovery over the last 10
years. Given a high-resolution X-ray structure of a protein-ligand complex,
computational methods are used to design potentially improved compounds
that are predicted to make better or similar interactions with the target structure
[Bohm, 1992; Bellows et al., 2009]. A high-quality NMR structure or homology
model may also be used. For use of a homology model, a high-resolution
structure of a closely related protein may be required. Additional biological data
(competition assay data, NMR binding data, etc.) to help confirm the binding
mode in the actual target would also be desirable. With that level of structural
information, an iterative process of designing, synthesizing and experimentally

testing new compounds can develop.
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Interactions between a protein and its ligand are usually formed through
favorable non-bonded contacts such as hydrogen bonds or hydrophobic

interactions. These contacts may be divided into individual interactions between

Protein Structure

Docking
Cocrystal

Biochemical assays to |:'> Structure of Lead compound I::> Novel drue candidates
confirm hits bound to target for devzlopment

S Computational design of
Synthesis of new compounds ' :
improved lead compounds

Fig. 28: Structure-based lead generation and optimization

single atoms or functional groups of the protein and the ligand. Thus, for every
atom or functional group of the protein that is involved in binding with the
ligand, there exists a counterpart on the ligand. This counterpart is again an
atom or a functional group. For example, the counterpart for a carbonyl group C
= O of the protein may be an amino group N-H of the ligand. A suitable position

for such a functional group or atom of the ligand is referred to as its 'interaction

65



Chapter-II
Structure Based Lead Optimization

site’. A statistical analysis of hydrogen-bond geometries in crystal packings of
small molecules [Bohm, 1992] reveals that there is a rather broad distribution of
hydrogen-bond patterns. Therefore, for every functional group of the protein
there exists not only a single position but also a region in space suitable for
favorable interactions with the protein. This space can be used to optimize

existing lead.

Even though there is fully automated de novo design software, it remains
a crucial human task to pick the most promising candidates. In this study, we
have used active site analysis method to identify various important amino acids

in the active site and site point connection method for lead optimization.

“It is essential that we learn to accept that de novo design will rarely yield novel
lead structures with nanomolar activity in the first instance. Rather, the designed
structures will probably represent examples of a prospective new lead series with
micromolar activities that require further optimization” [Schneider et al., 2005,

Nature Reviews, Drug Discovery].
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2.2. Methodology

2.2.1. Site Point Connection method

Site-point connection
method is one of the most widely
used Ligand design method. A site
point can be defined as a space in
the active site at which a suitable
ligand atom can make favorable
interactions with one or more
enzyme atoms. Site points with
appropriate ligand atoms nearby
are said to be satisfied. Site-point
connection methods attempt to
place small fragments in the active
site so that one or more site points
are satisfied and fragments are
thereby placed in favorable regions

[Biocampus 2003].
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Fig. 29: Scheme of site-point methods
(Source: Biocampus manual, 2003)

Fig. 29 shows the principle of site-point connection method. First, the site

points for an active site are generated. Hydrogen bond acceptor and donor sites

are marked with lines and hydrophobic sites are marked with dots. Then a small

prototype molecule (here, 2-amidinothiophene) is positioned in the active site so
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that it overlaps with several of the site points. Finally, additional building blocks
are attached to the amidinothiophene to make contact with additional site

points.

2.2.2. Binding site analysis

The 3D molecular model of 5-LOX was constructed in the previous
studies. The molecular modeling was achieved with commercially available
InsightIl and Discover Studio software packages. All of the computational work
was performed on Silicon Graphics workstations. The size and spatial
orientation of the active site were identified by the grid analysis implemented in
the Binding Site Analysis module within Insightll. The grid size for searching
the proteins was set to 1 A X 1 A X 1 A. All of the solvent accessible surfaces in
the proteins were filled with grid points and only those having at least 125 grid

points were accepted as possible ligand binding sites.

The de novo design program LUDI [LUDI user guide, Accelrys] was
employed to further explore the important regions in the active site for ligand
binding. The grid points produced by the Insightll/Binding Site Analysis
module were divided into four subsites. The residues inside a 6 A radius sphere,

which centered on the centroid of each subsite, were used to generate the
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interaction site. Three different types of interaction sites were defined in the
program: lipophilic, hydrogen bond donor, and hydrogen bond acceptor. The
standard default parameter and a fragment library supplied with the program

were used during the LUDI search.

2.2.3. Lead Optimization

The 5-LOX-benzyl propargyl ether complex discussed earlier was taken.
With the knowledge of interaction sites in the 5-LOX obtained from active site
analysis method, the site points that were in the vicinity of the docked inhibitor
and were unoccupied by any of the ligand atoms were closely visualized. In this
study, only the site points corresponding to hydrogen bond donors and
acceptors were considered. Four site points with potential of forming hydrogen
bond interactions were identified. They were corresponding to Ser567, GIn521,

His525 and Asp720 as shown in the Fig. 30.

lle 564 _
; JHis 530

Sers67

GIn 521

Asp 720

ICy - 760 pM

Fig. 30: The potential hydrogen bond interaction sites identified in the vicinity of the docked
ligand. Interactions sites corresponding to Ser567, GIn521, His525 and Asp720 were
targeted.
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The lead molecules were constructed by manually linking new functional
groups to the existing ligand. The new bond was constructed so that there was
no introduction of significant internal strain in the candidate ligand. The
synthetic accessibility of the generated structures was taken into account during
the site point connection step. The newly formed ligand molecules were
subsequently energy-minimized in the rigid protein to regularize the internal
coordinates using the CVFF force field in the Discover 95.0 program within
Insightll. The flexible ligand docking procedure in the Affinity module within
InsightIl was then used to define the lowest energy position for the generated
molecules by using a Monte Carlo docking protocol. All of the atoms within a
defined radius (6 A) of the lead molecules were allowed to move. The solvation
grid supplied with the Affinity program was used. If the resulting
ligand/receptor system was within a predefined energy tolerance of the
previous structure, the system was subjected to minimization. The resulting
structure was accepted on the basis of an energy check, which used the
Metropolis criterion and also a check of the RMSD of the new structure versus
the structure found so far. The final conformations were obtained by following
four stage protocol for energy minimization. Relative binding energies were
calculated as described in Chapter-I. The interaction energies were calculated for

each molecule. Each energy-minimized final docking position of the lead
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molecules was evaluated using the interaction score function in the LUDI

module.

The Ludi scoring method of interactions between a protein and its ligand
was used to quantify the binding characteristics of the compounds to 5-LOX. In
general a higher Ludi score represents a higher affinity and stronger binding of
a ligand to the receptor.

Ludi can also score protein ligand interactions by statistically evaluating the fit
of all potential ligands determined by the Docking module.

Ludi Score = -73.33 mol/kcal AG, where:
AG = AGo + AGmf(AR)A(Aa) + AGionf(AR)f(AQ) + AGiipoAlipo + AGrotNR AG;

AG, represents the contribution to the binding energy that does not directly depend on any
specific interactions with the receptor, AG;, and AG;,, represent the contribution from an ideal
hydrogen bond and unperturbed ionic interactions respectively, AGj,, represents the
contribution from lipophilic interactions which is proportional to the lipophilic surface Ao,

AG,NR represents the contribution due to freezing of internal degrees of freedom in the
fragment, NR is the number of acylic bonds, AR is the deviation of the hydrogen bond length

from the ideal value of 1.9 A and Aa is the deviation of the hydrogen bond angle from the ideal

value of 180 °.
In general, a higher Ludi score (0-1100 in range) represents higher affinity

and stronger binding of a ligand to the receptor.
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2.2.4. In vitro 5-LOX inhibitory assay

5-LOX was purified and assayed as per the method described by
Reddanna et al., (1990). Enzyme activity was measured using polarographic
method with a Clark’s oxygen electrode on Strathkelvin Instruments, model 782,
RC-300. Typical reaction mixture contained 50-100 ul of enzyme and 10 pl of
substrate (133 uM of arachidonic acid) in a final volume of 3 ml with 100 mM
phosphate buffer pH 6.3. Rate of decrease in oxygen concentration was taken as
a measure of enzyme activity. Stock solutions of test compounds, prepared
immediately before use, were dissolved in DMSO. Various concentrations of test
drug solutions were added and the LOX reaction was initiated by the addition
of substrate. The reaction was allowed to proceed at 25 °C and the maximum

slope generated was taken for calculating activity. Percent inhibition was

Conc. of O,

No-Inhibitor

3
Time (mins)

Fig. 31: O conc. vs Time graph for various conc. of inhibitor
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calculated by comparison of LOX activity in the presence and absence of
inhibitor (Fig. 31). The concentration of the test compound causing 50%
inhibition (ICso, uM) was calculated from the concentration-inhibition response

curve. Each assay was repeated thrice.

2.3. Results and discussion

2.3.1. Design of molecules

Prior to the design of a 5-LOX inhibitor, the active site of 5-LOX was
investigated. Because the three-dimensional molecular model of 5-LOX from
potato was a theoretical structure constructed from the crystallographic
coordinates of Soybean LOX-3 [Jankun et al., 2004], the active site of the crystal
structure of the INO3 was also investigated for insights. We hoped that this
crystal structure can afford some other useful information for inhibitor design.
All of the possible ligand binding cavities on the 5-LOX were searched by the
Binding Site Analysis program in InsightIl. The largest cavity of 5-LOX obtained
in Binding Site Analysis correlated with the inhibitor/substrate binding cavity
of LOX-3 [Jankun et al., 2004]. The other cavities were located far away from the
active site. The shape and orientation of the active site of 5-LOX was similar to

the shape and orientation of that of Soybean LOX-3. The key regions in the

73



Chapter-II
Structure Based Lead Optimization

active site that were essential for inhibitor binding were explored. 5-LOX-benzyl
propargyl ether complex described in previous chapter was used. The
interaction sites that were in the vicinity of the inhibitor and unoccupied were
identified. New leads were designed so that hydrogen bond acceptor and donor
sites in the vicinity are exploited as shown in Fig. 32. The propargyl group in
Comp-1 was replaced with Benzyl group in S1. Methoxy group was added at 3’,

4’ and 5 position on the benzene ring.

lle 564

His 330
Ser567

Ile 564

GIn 521 .===*His 530
Ser 367
GIn 521
Asp 720 K
His 525 &
ICS" - 760 },I,l\'] - Asp 720
Reddy et al., 2002 ]
His 523
He 364 e 530 Tle 564
Sers67 1
GIn321 _===*His 330

Sers67
GIn321

3

Ile 864

Asp 720 Cas
His 525 Asp 720

!J _!J His 525

Fig. 32: Various molecules (51-3) designed using site points
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This was to make sure that the site points corresponding to the surrounding

amino acids were satisfied. The designed molecules are shown in Fig. 33.

~9)

!
S1 1I

/0

o
OH

LogP 3.121 LogP 2.948
TESA 47.93 TPSA 47.93
natoms i natoms 23
MW 312.365 MW 312.365
noN 4 non 4
nOHNH 1 noOHNH 1
nviclations 0 nviolaticns 0
nroth 6 nroth 6
volume Zae 30 volume 296.121

~O

LogP SRRy LogP 4,91
TPSA 57.164 TESA 44_252
natoms 25 natoms 27

MW 342.391 MW 398.915
noN 5 noN 4

noOHNH 1 noOHNH 0
nviclations 0 nviolations 0

nroth 7 nroth 4
volume 321.667 volume 342.289

Fig. 33: The molecules designed and their molecular properties (§1-4). All the molecules
follow Lipinski’s rule of 5
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4.3.2. Docking and scoring

The ligands were built using the Cerius2 program. The structures of the
ligands were energy minimized to a RMSD of 0.001kcal/mol using MMFF94X
forcefield. Docking of the inhibitors into 5-LOX was carried out using GOLD
[Jones et al., 1997]. The parameters used for GA were population size (100),
selection pressure (1.1), number of operations (100,000), number of islands (5)
and niche size (2). Operator parameters for crossover, mutation and migration
were set to 95, 95 and 10 respectively. To quantitate the interactions in the
protein-ligand complexes, the scoring function GOLD score was employed.
Default cutoff values of 2.5 A (dn.x) for hydrogen bonds and 4.0 A for Vander
Waals were employed. Based on the superimposition of the template, Soybean
LOX-3 with 5-LOX 3D structure, active site was defined as a sphere of 10A°
centered on the inhibitor in the template. During docking, the default algorithm
was selected. Input parameters of the GOLD were set to allow octahedral
coordination geometry to iron. The number of poses for each inhibitor was set to
100 and early termination was allowed if the top three bound conformations of a
ligand were within 1.5 A RMSD. After docking, the individual binding poses of
each ligand were observed and their interactions with the protein were studied.
The best and most energetically favorable conformation of each ligand was

selected. The inhibitor-5-LOX complexes were formed and optimized by energy
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minimization using four stage protocol mentioned earlier. After energy
minimization, the lowest energy position in the active site for the generated lead
molecule was determined by the flexible ligand docking procedure in the
Affinity module of the Insightll program and the ligand was scored by LUDI.
The LUDI score and interaction energies show that the molecules designed were

more potential than the initial molecule i.e. comp 1 (Table-4).

Table-4: Calculated interaction energies (kcal/mol) for the designed compounds

Compound Evaw Eelec Etotal (kcal/mo) | LUDI score (kif/ir:()l)
1 -22.451 -6.153 -28.604 382 -11.6
S1 -34.823 -9.248 -44.071 526 -19.5
S2 -34.487 -16.401 -50.888 551 -20.1
S3 -39.214 -19.348 -58.562 622 -26.1
S4 -36.412 -17.612 -54.025 628 -25.5

Interaction study has shown the increased no. of hydrogen bonds from S1
to S4, thereby the LUDI score as well as the total interaction energies also
increased. Hence, by using lead optimization studies more potent molecules

were designed.
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4.3.3. Biological evaluation

4.3.3.1. In vitro LOX assay:

All the compounds were tested for their effect on 5-LOX inhibition and
were assayed as per Reddanna ef al. (1990). S1-S4 were the designed molecules
while comp 1 is the already reported molecule. The % activity/inhibition vs
molar concentration graphs of the compounds, their ICsy values and hydrogen

bond interactions are as shown in Fig. 34-37.
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Fig. 34: Inhibition concentration curve of S1 (ICso -157 pM). Hydrogen bonds are denoted

by dotted lines. Hydrogen bond analysis shows the utilization of site point
corresponding to Asp720
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Fig. 35: Inhibition concentration curve of S2 (ICso -137 pM). Hydrogen bonds are denoted

by dotted lines. Hydrogen bond analysis shows the utilization of site points
corresponding to Asp720 and His525
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Fig. 36: Inhibition concentration curve of S3 (ICso -8 pM). Hydrogen bonds are denoted by
dotted lines. Hydrogen bond analysis shows the utilization of site points corresponding
to Asp720, His525 and GIn521
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Fig. 37: Inhibition concentration curve of $4 (ICso -6.4 uM). Hydrogen bonds are denoted
by dotted lines. Hydrogen bond analysis shows the utilization of site points
corresponding to GIn521, His530, GIn521 and Ile864.

As shown in the Fig. 34-37, there is an inverse correlation between the
number of hydrogen bonds and the ICso values obtained. While S1 had only two
groups (-OH, and -OCHj3) in hydrogen bonding, S2 had three groups (-OH, -
OCHs, and -OCHs) and S3 had four groups (-OH, -OH, -OCHs and -OH). S4
which showed the lowest ICso value (6.4 uM) had unique groups (-N=, -5- and -
O-) in hydrogen bond interactions. Also, the overall trend for the interaction
energy and LUDI scores were in good qualitative agreement with the
experimental data. S3 and S4 which were scored higher and predicted to be the
most active by LUDI score were the most potent. In vitro studies clearly validate

the in silico prediction on the potency of designed molecules in the inhibition of
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5-LOX. The foregoing studies clearly demonstrate the usefulness of the 5-LOX

model built in designing the potent inhibitory molecules.

Homology models of lipoxygenase enzymes have been used in several
previous studies for purposes other than inhibitor discovery. Specifically, these
studies have used homology models, sometimes in combination with docking
methods, to propose models for substrate binding and specificity in various
LOXs. There have been very few reports on Structure based lead
optimization/structure based de novo design of LOX inhibitors, mainly due to

the lack of crystal structure for many of the human LOXs.

In a recent study, small molecule inhibitors of human platelet-type 12-
and reticulocyte 15-LOX-1 (12-hLOX and 15-hLOX) were designed using
structure-based methods. Homology models of 12-hLOX and 15-hLOX were
developed, based on the structure of rabbit 15-LOX and virtual screening was
performed. Of only 20 molecules tested for In vitro activity against 12- and 15-
human LOX, three molecules showed inhibition of ICs less than 100 pM affinity

[Kenyon et al., 2006].

This study on Structure based lead optimization of 5-LOX inhibitors

suggest that the homology models are capable of identifying low-micromolar
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inhibitors at a rate that, in all likelihood, greatly exceeds random compound
selection. The models of these protein—inhibitor complexes suggest strategies for

future development of selective lipoxygenase inhibitors.

4.4. Conclusions

Prior to this work, structure-based methods have not played a major role
in the discovery of 5-LOX inhibitors, because experimental structures of 5-LOX
do not exist. This study is a successful example reported for the inhibitor design
of 5-LOX using the de novo design strategy. The studies presented here provide a
pathway to design novel anti-asthma/anti-cancer compounds. A molecule of
ICs0 of 760 uM was optimized to a more potential molecule with ICso of 6.4 uM.
Site-point connection method showed good promise and it can be further used

in developing a very potential 5-LOX inhibitor.

The overall trend for the interaction energy and LUDI scores are in good
qualitative agreement with the experimental data. In addition, it should be
pointed out that all of the lead molecules were designed on the basis of a

homology derived molecular model of 5-LOX.
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The new low-micromolar inhibitors appear to be suitable as leads for
further inhibitor development efforts against 5-LOX based on the fact their size
and chemical properties are appropriate to classify them as drug-like
compounds. The lead optimization approach based on a homology model
established in this study should have general implications for designing novel
inhibitors of various LOXs. The methodology can be further used by exploiting
various other site points to yield novel lead structures with higher activity

against 5-LOX enzyme.
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3.1. Introduction

3.1.1. Definition of pharmacophore

The essential functionalities of a molecule necessary for its
pharmacological activity are called pharmacophores. Although the idea of
pharmacophores existed for a long time, Ehrlich first introduced this
terminology following the term chromophore which was used to describe the
groups responsible for the color of a compound [Ehrlich, 1909]. The interest in
the idea of pharmacophores has grown tremendously in the last few decades
due to the availability of computer graphics [Marshall ef al., 1990], a number of
computational methods to determine the pharmacophoric geometry [Kelebe,
1993] and various softwares for 3D database mining using the concept of a
pharmacophore pattern match [Clark et al., 1991]. However, the validity of a
pharmacophore hypothesis came more from direct medicinal chemistry
structure-activity relationships (SAR) studies rather than from any theoretical
calculations. Such calculations may be possible in the near future with the
availability of an ever increasing number of ligand-protein complex structures,
better molecular mechanics force fields and better understanding of solvation
factors. In such an approach, we have to show that the pharmacophoric groups
provide the major contribution in binding affinity to the protein compared to

the rest of the molecule.
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In modern computational chemistry, pharmacophores are used to define
the essential features of one or more molecules with the same biological
activity. A database of diverse chemical compounds can then be searched for
more molecules which share the same features located a similar distance apart
from each other. Typical pharmacophore features represent the important
functional groups i.e. hydrophobic, aromatic, a hydrogen bond acceptor, a
hydrogen bond donor, a cation, or an anion. The features need to match
different chemical groups with similar properties, in order to identify novel
ligands. Ligands receptor interactions are typically “polar positive”, “polar
negative” or “hydrophobic”. A well-defined pharmacophore model includes

both hydrophobic volumes and hydrogen bond vectors.

3.1.2. Pharmacophore Modeling

The technique of developing a pharmacophore is based on first deriving
preferred conformations via a conformational searching scheme, then defining
common groups in terms of specific atom types. The molecules are then
aligned and superimposed at the specific points in a defined way. The
pharmacophore is then derived by joining the sites in common and calculating
distances by averaging sites of superposition in a least squares fit calculation.

A pharmacophore needs at least three points of connection but it can be more.
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The complete pharmacophore can be represented geometrically as a triangle if
three points are used or some other geometric figure if more points are
available and describes the properties of the vertices as to the type of

interaction with the receptor.

A wide range of experimental and theoretical data is routinely used to
develop pharmacophoric patterns. This process is generally referred to as
pharmacophore mapping and involves three main aspects: finding the features
required for a particular biological activity; determining the molecular
conformation required (i.e. the bioactive conformation); and developing a
superposition or alignment rule for the series of compounds. The primary
information used in pharmacophore mapping is derived naturally from the
compounds synthesized and their measured biological activity. From this,
structure activity relationships emerge and rudimentary pharmacophore
hypothesis can be formulated. If the structure of the macromolecular target is
known, either as determined experimentally or as computationally modeled,
this information is obviously very useful to the pharmacophore mapping
process. A variety of molecular modeling and computational chemistry
techniques can then be applied, in conjunction with the experimental data, to

develop pharmacophore models.
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Automatic generation of pharmacophoric patterns is the goal of several
modeling packages. This is a difficult procedure, however, because many
bioactive molecules are flexible and their minimum energy conformations need
not correspond to the receptor bound conformation. Automated
pharmacophore mapping is now available in programs form Biocad, Biosym,

Chemical Design Ltd., Tripos and Catalyst.

3.1.3. Catalyst

Catalyst (available from Accelrys Inc.) is one of the leading software
products for pharmacophore modeling and 3D database searching. In this
study, Catalyst was used for pharmacophore modeling of 5-LOX. HypoGen

module in Catalyst was used in the study.

3.1.3.1. HypoGen Theory

HypoGen attempts to derive SAR models from asset of molecules for
which activity values (ICs0)) on a given biological target are available. It
optimizes hypotheses that are present in the highly active compounds in the
training set, but missing in the least active (or inactive) one’s. It attempts to

construct the simplest hypotheses that best correlate the activities (estimated

88



Chapter-I11
Pharmacophore modeling of 5-LOX

vs. measured). As displayed in Fig. 38. the predictive models are created in

three steps in a HypoGen run: constructive, subtractive and optimization.

Pharmacophore
domain

Constructive ~
L phase

Feasible
models

Subtractive
phase
Optimization —
phase

Fig. 38: HypoGen theory [Biocampus manual, 2003].

Top
models

Constructive phase:

The constructive phase identifies hypotheses that are common to the most
active set of compounds. The most active set is determined by the following
equation:

MA * Uncma - (A/UHCA) >0
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where MA is the activity of the most active compound, Unc is the uncertainty
in the measured activity and A is the activity of the compound. The most active
set of compounds is limited to a maximum of 8. Once the set is determined,
HypoGen enumerates all possible pharmacophore configurations using all
combinations of pharmacophore features for each of the conformations of the
two most active compounds.
Subtractive phase:
The subtractive phase identifies pharmacophore confirmations developed in
the constructive phase that are also present in the least active set of molecules
and remove them. The first step is the identification of the least active
compounds. This is accomplished by the use of equation:
log(A) -log (MA) > 3.5
where A is the activity of the current compound and MA is the activity

of the most active compound. In simple terms, all compounds whose activity is
3.5 orders of magnitude less than that of the most active compounds are
considered to be in the set of least active molecules. The value 3.5 is a user
adjustable parameter, if needed.
The important guidelines in the selection of training set are:

i. Have at least two diverse compounds in the most active set (to

maximize the number of enumerated pharmacophore configurations)
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ii. The compounds in the training set should cover a wide range of
activities of at least four orders of magnitude (in order to have an
effective subtractive)
Optimization phase:

The optimization phase involves improvement of the hypothesis score.
Small perturbations are applied to those pharmacophore configurations that
survived the subtractive phase and are scored based on errors in activity
estimates from regression and complexity of the hypothesis. The total cost of
each pharmacophore is computed by the sum of three costs: weight, error and
configuration. While the weight component increases with the deviation of the
feature weight from the ideal value of 2.0, the error component increases with
the RMSD between the measured and estimated activities. The configuration
cost is fixed and depends on the complexity of the pharmacophore and is
generated in this phase. Upon completion of this phase, HypoGen reports top

scoring 10 unique pharmacophores.

3.1.3.2. HipHop Theory

HipHop is very similar to constructive phase of HypoGen. The objective
is to identify and enumerate all possible pharmacophore configurations that

are common to the training set. The implementation of this objective within
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HipHop is, however, very different from that of HypoGen. HipHop performs
an exhaustive search starting with the simplest pharmacophore configurations
i.e. all possible combinations of two-feature pharmacophore. Once all the two-
feature are exhausted, it moves to the three-feature combinations. The process
continues until HipHop can no longer generate common pharmacophore

combinations. The process is schematically shown in Fig. 39.

The user specifies how many molecules must map completely or
partially to the pharmacophore. Hence, broader and more diverse
pharmacophore can be built in this manner. The resultant pharmacophore
models are scored. The final output of a HipHop run is an user determined
number of unique pharmacophore sorted from the highest scoring to the

lowest [Biocampus manual, 2003].
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Perform a pruned exhaustive

a series of search starting with small
active compounds |:> sets of features and extending
them until no larger common

configurations are found

y

HipHop is conceptually
similar to the construction
phase of HypoGen. Perform super positioning
of features via RMS fit
Score based on the mapping
BFMacophores <:| between the hypo and leads
and the “rarity” of the
pharmacophore

Fig. 39: HipHop theory [Biocampus manual, 2003].

3.1.4. Pharmacophore Model of 5-LOX

A good pharmacophore model could be used as query for searching
small molecule databases in order to discover novel chemical entities. A
reliable pharmacophore model can be built using HypoGen (a part of the
Catalyst suite of software), provided, we have experimental affinities of

protein-ligand interactions. The ligands should have a variety of scaffolds and
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the range of affinity should vary at least a thousand fold. The pharmacophore
model generated can be used to search small molecule databases in order to
identify molecules that represent similar shape and chemical features from a

given database.

Due to the therapeutic potential of inhibitors of 5-LOX, many
pharmaceutical companies and academic research groups have been involved
in the development of effective 5-LOX inhibitors. This has resulted in the
identification of many novel inhibitors. These provide a good basis for
elucidating the structure-activity relationship of these inhibitors, which will aid
in identification of more inhibitors. Lack of crystal structure information of 5-
LOX has been an obstacle for application of the structure based drug design
strategies in practice. As an alternative, homology modeling was used in
generation of 3-D models of various LOXs which were inturn used in various
drug design strategies [Aparoy et al., 2008; Du et al., 2006; Charlier et al., 2006;
Hammarberg et al., 2000; Bindu et al., 2004; Hemak et al., 2002; Werz et al., 2005].
Ligand based drug design is an alternative in such cases. In a ligand-based

design, identification of a pharmacophore is one of the most important steps.

Pharmacophore model is a widely used approach to quantitatively

explore common chemical characteristics among a considerable number of
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structures with great diversity and qualified pharmacophore model could also

be used as a query for searching chemical databases to find new chemical

entities [Xie et al., 2009; Taha et al., 2008; Wang et al., 2008; Lu et al., 2007]. Recent

advances in virtual screening approach for inhibitor identification are

summarized in Table-5.

Table-5: Summary of successful application of pharmacophore based virtual screening.
CHKT1: checkpoint kinase-1; HIV: Human Immuno deficiency virus; HCV: hepatitis C
virus; SARS-CoV: Severe acute respiratory syndrome corona virus; PPAR: Peroxisome
Proliferator Activated Receptor

Disease

Virus
infection

Alzheimer

Diabetes

Target

Microtubule

Aurora A
kinase

CHK1

HIV protease

HCV
Polymerase

SARS-CoV
protease

tau

PPARs

Method

Catalyst

PharmoMap™,
PharmoScan™

Catalyst

Plurality

Catalyst
Ligandscout
PharmoMap™,
PharmoScan™
Catalyst,
Dock4.0.2,
Dock5.0, CoMFA,
CoMSIA

Catalyst

Catalyst

Activity
(7))
0.187

15.7

3.8

Ref

Liou et al.,2006
Kim et al., 2006

Deng et al.,2008

Lyne et al., 2004

Pandit et al., 2006
Steindl et al., 2007

Ryu et al., 2009

Tsai et al., 2006

Larbig G et
al.,2007
Markt P et
al.,2008
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In our studies, we identified pharmacophore model of the 5-LOX
inhibitors. Then the best quantitative pharmacophore model generated was
used as a 3D query to screen several commercial databases comprising of
compounds which follow Lipinski’s rule of five [Lipinski, 2000] and docking
study [Wang et al., 2008]. Finally, the identified potential lead compounds were
evaluated biologically for their inhibitory activities, as well as further

structural modification studies.

3.2. Materials and methods

3.2.1. General methodology

All the pharmacophore modeling calculations were carried out by using
the Catalyst 4.11 software package on SGI workstation [CATALYST 4.11;
Accelrys: San Diego, CA, 2005]. The HipHop and HypoGen modules within
Catalyst were used for the construction of qualitative and quantitative models,
respectively. Chemical feature based pharmacophore hypotheses can be
generated automatically using the HypoGen algorithm within Catalyst,
provided that structure activity relationship data of a well balanced set of

compounds are available.
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3.2.2. Training set selection and generation:

For the pharmacophore modeling study compounds from the literature
with a range of 5-LOX inhibitory activities, spanning at least four orders of
magnitude were collected. 24 molecules with ICsy values ranging from 0.003
UM to 41 uM for 5-LOX were selected and included in the training set (Fig. 40).
All structures in the training set were built in 2D/3D Visualizer within
Catalyst and minimized to the closest local minimum based on a modified
CHARMM force field within the confirm module [Brooks et al., 1983]. Catalyst
generated a representative family of conformational models for each
compound using a Monte-Carlo-like algorithm together with Poling [Smellie ef
al., 1995]. Diverse conformational models for each compound were generated
using an energy range of 15 kcal/mol of the calculated potential energy
minimum. Maximum number of conformers was specified to 250 for each

molecule to ensure maximum exploration of the conformational space.
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Fig. 40: Chemical structures of 5-LOX inhibitors in training set (compounds 1-24)
together with their biological activity data (ICs values, in parentheses).

3.2.3. Generation of Hypotheses

Catalyst generates hypotheses consisting of features. These features are

displayed as round mesh balls, which represent an area in space relative to the
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other features where a characteristic of a molecule should be to induce the

desired activity (location constraints).

Catalyst generates hypotheses with a heavy emphasis on a group of
molecules which are the most active of the training set with activities falling
into a certain activity range. The upper limit of this activity range is defined by
Catalyst to be the product of the uncertainty value multiplied by the activity of
the most active compounds in the training set. The lower limit of this activity
range is defined by Catalyst to be the division of the uncertainty value with the
activity of the most inactive compounds in the training set. It is very important
that the hypotheses generated are not biased by any one chemical structure
type, so it is necessary to ensure that compounds of more than one structural

type are included in the most active group in the training set.

In this study, the qualitative HipHop model was generated based on the
five most active compounds (1-5) in training set before performing the
quantitative pharmacophore modeling, the purpose of which is to identify
pharmacophore features necessary for potent 5-LOX inhibitors. In the HipHop
run, the most active compound 1 was considered as ‘reference compound’
specifying a ‘principal’ value of 2 and a ‘MaxOmitFeat’ value of 0. The

‘principal’ and ‘MaxOmit-Feat’ values were set to 1 for the remaining four
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compounds. HipHop parameters were kept at their default values. The
HipHop pharmacophore hypothesis clearly indicated the importance of
hydrogen-bond acceptor, hydrogen-bond acceptor lipid, hydrogen-bond
donor, hydrophobic moiety, hydrophobic aliphatic moiety, hydrophobic

aromatic moiety and ring aromatic feature.

Further, hypotheses were generated using HypoGen with default
parameters including a minimum no. of features of 3. The allowed set of
features was hydrogen-bond acceptor, hydrogen-bond acceptor lipid,
hydrogen-bond donor, hydrophobic and ring aromatic features. A ring
aromatic feature is defined as a feature which maps 5- or 6- numbered
aromatic rings (which may be next to a charge). Hydrogen bond donor (HBD)
groups were used, although Catalyst never included any HBD feature in the
generated pharmacophore. The removal of HBD feature caused a difference in
Total Cost and Correlation values and therefore it was used in the HypoGen
run even though it was not included in the final pharmacophore model

developed.
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3.2.4. Pharmacophore evaluation

The generated HypoGen models were evaluated according to Debnath
in terms of cost functions and statistical parameters, which were calculated by
HypoGen module during hypothesis generation. A pharmacophore model
should have a high correlation coefficient, lowest total cost and RMSD values.
The total cost should be close to the fixed cost and away from the null cost. The
difference between the cost of the generated hypothesis and the cost of the null
hypothesis signifies the reliability of a pharmacophore model. A value of 40-60
bits between them for a pharmacophore hypothesis may indicate that it has 75-

90 % probability of correlating the data.

For the qualitative pharmacophore model of 5-LOX inhibitors, test set
method was used for validation. The test set used here contains a total of 65
inhibitors as shown in Fig. 41. Further the validation of quantitative
pharmacophore model was done by cross validation method. The cross
validation was performed by using CatScramble program within Catalyst. The
CatScramble strategy tries to scramble the experimental activities in the
training set randomly and the resulting training sets were used for HypoRefine

run. The confidence level was set to 95%, thereby CatScramble program
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generated 19 random spreadsheets to construct hypotheses using exactly the

same conditions as used in generating the original pharmacophore hypotheses.
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Fig. 41: Chemical structures of 5-LOX inhibitors in test set (compounds 1-65)
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Fig. 41: Chemical structures of 5-LOX inhibitors in test set (compounds 1-65)
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3.3. Results and Discussion

3.3.1 Generation of the model

Catalyst generates hypotheses by assigning chemical features to the
training set molecules, then arranging the features so that the molecules map
with a ranking which correlates with their activity. The hypothesis generation
places a greater importance on the molecules contained in the most active

group of the training set.

Catalyst produces 10 hypotheses (sometimes 9) which are arranged in a
hierarchical manner according to the Catalyst cost analysis, which takes into
account many factors including the size of the training set. The most influential
parameter contributing to this cost analysis is the correlation between the
hypothesis estimated activity values and the real activity values. The
correlation value can lie between 0 and 1, with 1 being a perfect correlation.
Catalyst cost analysis also takes into account a configurational parameter
which describes the complexity of the problem (this parameter should be
under 18). Catalyst cost analysis also employs the principle of Occam’s razor
whereby a hypothesis should be as simple as possible. This cost analysis allows
one to assess the validity of the produced hypotheses. This involves the use of

three cost parameters as discussed earlier:
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The null cost parameter assumes that all training set molecules
have the same activity, so that there is no statistically significant
structure in the training set. This cost parameter has the highest
numerical value of all the cost parameters.

The fixed cost parameter assumes all training set molecules fit the
simplest possible hypothesis perfectly. This cost parameter has
the smallest numerical value of all the hypotheses cost
parameters.

The total cost parameter results in a ranking of generated
hypothesis. This parameter takes into account the correlation of
the training set molecules, tested activities with the activity

estimated by the hypothesis.

The difference between the total cost and the null hypothesis cost gives rise to
the resultant cost, which determines the statistically significance of the

pharmacophore model generated.

In this study, the approach we used is to develop a pharmacophore
model using the HypoGen module in Catalyst which can be used to correlate
the observed biological activities for a series of compounds with their chemical

structures. In our trials, we found that taking hydrogen-bond acceptor,
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hydrogen-bond acceptor lipid, hydrogen-bond donor, hydrophobic moiety and

ring aromatic feature generated a good quality pharmacophore model.

The top 10 ranked hypotheses as well as their statistical parameters are
presented in Table-6. The best pharmacophore model (Hypol), which was
characterized by the lowest total cost value (108.338) and the highest cost
difference (58.281), contains four features, namely, two hydrogen bond
acceptors, one hydrophobic and one ring aromatic feature. A “measured'
versus “estimated' activity for the training set exhibited a correlation coefficient
(r) =0.974978 with root-mean-square deviation (RMSD) =0.6025. The good
score value indicated a reliable ability to predict activities within the training
set. The config costs of the runs were high and exceeded the maximum limit of
18. This may be because of the training set compounds, which seem to increase
the entropy of the hypothesis. The reasonable cost difference of the hypothesis
and high correlation obtained and further evaluation of the resulting model
with Fischer Randomization test and with test set compounds should surpass

any drawbacks related to the less than optimal config cost.
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Table-6: Statistical parameters of the top 10 hypotheses of 5-LOX inhibitors generated by
HypoGen program

Hypo No. Total Costa Cost Diff.> | RMSD  Correlation (r) Features
1 108.338 58.281 0.602576 0.974978 ViVAVAR
109.789 56.830

110.088 56.531

110.388 56.231

0.68082 0.967973 ALZR
0.755627 0.959451 VAVANRS
0.721508 0.963781 ALZR

0.769418 0.958449 ALZR
0.854401 0.947673 ALRR
111.882 54.737 0.825159 0.951754 LLZR
112.050 54.569 0.711489 0.96675 ALZR

112.257 54.362 0.814461 0.953537 AAZR

@ The total cost value of a hypothesis is calculated by summing three cost factors, a
weight cost (data not shown), an error cost (data not shown) and a configuration cost
(a constant among all the hypotheses).

b The difference between the total cost of a hypothesis and that of the null hypothesis,
roughly correlates with significance. The larger the difference, the greater is the
significance of the hypothesis. A true correlation in the data will very likely be
estimated by models that exhibit a cost difference (Null cost - Total cost) (fixed cost =
102.934, configuration cost =21.0826 and null cost = 166.619). All cost values are in bits.
< A, hydrogen bond acceptor; L, hydrogen bond acceptor lipid; Z, hydrophobic
feature; and R, ring aromatic moiety.

111.068 55.551
111.770 54.849

|
|
110.805 55.814 ‘ 0.740654 0.961824 VNWAS
|
|
|
|

The 3D space and distance constraints of these pharmacophore features
were shown in Fig. 42A and 42B. Fig. 42C and 42D present the Hypol aligned
with the most active compound 1 (ICsp: 0.003 pM) and the least active
compound 24 (ICsp: 41 pM) in the training set, respectively. All features of
Hypol model were nicely mapped with the corresponding chemical functional

groups on compound 1. By contrast, the compound 24 just mapped three
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features while the other feature of Hydrogen Bond Acceptor was not mapped.
Table-7 shows the experimental and estimated inhibitory activities of the 24
training set compounds. All highly active compounds were predicted
correctly. In comparison to other compounds, compound 2 has shown high
error value of +6.2. The error costs of all the other compounds in test set are

below 3, indicating the hypothesis developed is effective.

(A) (B)

(D)

Fig 42: Pharmacophore model of 5-LOX inhibitors generated by HypoGen. (A) The best
HYPOGEN model Hypol. (B) 3D spatial relationship and geometric parameters of
Hypol. (C) Hypol mapping with the most active compound 1 (ICsp: 0.005 uM) (D)
Hypol mapping with the least active compound 24 (ICs: 41 uM). Pharmacophore

features are color-coded with light-blue for hydrophobic feature, orange for ring

aromatic feature and green for hydrogen-bond acceptor.
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Table-7: Experimental and estimated (by Hypol) 1Cso values (1M) together with the error
values (defined as the ratio between experimental activity and estimated activity) of
the training set compounds 1-24.

a Exptl. b Estimated
| (@N) (MM) ICso (HM)
1 0.003 0.0019 -1.6 8.62 Barbey, et al., 2002

Molecule cError | Fit Value Reference
0.01 0.062 +6.2 . Ducharme et al., 1994
0.014 0.018 +1.3 . Ducharme et al., 1994
0.015 0.005 -2.6 . Hamel et al., 1997
0.016 0.034 +2.1 . Hutchinson et al., 1993
0.027 0.028 +1 . Dube et al., 1998
0.036 0.062 . Hutchinson et al., 1993
0.04 0.076 . Nakamura et al., 2002
0.11 0.12 . Moreau et al., 2006
0.13 0.13 . Kirchner et al., 1997
0.3 0.57 . Rao et al., 2005
0.33 0.24 g . Ducharme et al., 1994
0.77 0.46 . . Charlier et al., 2003
3.4 14 . . Chawdhury et al., 2009
6 10 . Janusz et al., 1998
7.5 6.4 . . Abe et al., 2006
8 11 . Chawdhury et al., 2008
8.5 10 . Janusz et al., 1998

10 10 . Barbey, et al., 2002

10 5.8 . . Chawdhury et al., 2008

10 11 . Chawdhury et al., 2008

10 11 . Ulbrich et al., 2002
Janusz et al., 1998
Reddy et al., 2008

a Exptl. = experimental activity (ICso values, uM).
b Estimated activity (ICso values, uM). ¢ The negative value indicates that the
experimental ICs is higher than the predicted ICs.
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Fig. 43: Interactions of most active molecule (compound 1, ICs: 0.003uM) in training set.
Hydrogen Acceptors are shown in green, hydrophobic in blue and ring
aromatic in brown

Interactions of the most active compound with the homology model of
5-LOX discussed earlier were studied. The interactions are in good agreement
with the pharmacophore model of 5-LOX developed. Strong hydrogen bond

interactions were formed with His271, His525 and His530 as shown in Fig. 43.

3.3.1 Validation of the model

Fischer randomization test method [Fischer, 1966] was used to evaluate

the statistical relevance of Hypol by using the CatScramble program
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implemented in Catalyst. The confidence level was set to 95%. Thereby
CatScramble program generated 19 random spreadsheets to construct
hypotheses using exactly the same conditions as used in generating the
original pharmacophore hypothesis. The total costs of pharmacophore models
obtained in the 19 HypoGen runs as well as the original HypoGen run are
presented in Fig. 44. From Fig. 44, one can see that the original hypothesis is

better than those of the 19 random hypotheses generated.

200

150

100

Hypothesis total cost values

50
1 2 3 4 5 6 7 8 9 10

Pharmacophore Hypotheses

| Initial B Random5 B Random10 B Randomi5
M Random1 B Randomé I Random11 | Randomi6

Random2 Random? M Randomi2 B Randomi17
B Random3 B Randoms8 B  Randomi3 B Randomis
B Randomd4 B Random9 B Random14 B Randomig

Fig. 44: The difference in total cost of hypotheses between the initial spreadsheet and 19
random spreadsheets after CatScramble run.

These results provide confidence on our pharmacophore model. An
independent test set which contains 65 external compounds was used to

validate the established model (Hypol). The experimental and predicted
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activities of the test set compounds are shown in Table-8. Further, a fairly good
correlation coefficient of 0.75 was observed for regression analysis of the
experimental and predicted inhibitory activity values for the test set
compounds (Fig. 45). The high correlation coefficient value denotes the

predictive capability of the model.

Fig. 45: Correlation plot(r) between the experimental activity and
the predicted activity by Hypol for test set molecules (in red).
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Table-8: Experimental and estimated (by Hypol) ICsp values (uM) together with the
error values (defined as the ratio between experimental activity and estimated
activity) of the test set compounds 01-65.

Experimental Estimated
Compound Activity Activity Error

(LM) (LM)
21 26 1.2

26 25 -1

4 31 7.8

15 25 1.7
24 -7.3
24 1.3
27 2.2
10 -4.8
6.5 1.2
12 -1.2

1
2
3
4
5
6
7
8
9

= =
N )

11 4.1

—
N

11 7.1

1 T e S Y
S OV W N o U B~ W
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Results obtained by using the test set method show a fairly good
correlation between the experimental and predicted ICsyp values, indicating a
good predictive ability. The validation results show the reliability of the model.
Charlier et al., (2006) have reported a pharmacophore model generated for 16
non redox 5-LOX inhibitors with Catalyst (HipHop module). It includes two
hydrophobic groups, an aromatic ring, and two hydrogen bond acceptors. In
their study they have only used HipHop module taking a narrow range of
active compounds. In comparison, in this study, we have a taken a diverse set
of compounds, diverse in structure as well as activity and run the quantitative
HypoGen. We have found out that two hydrogen bond acceptors, one ring
aromatic and one hydrophobic feature are most important in the activity of 5-
LOX inhibitors. In both the studies, hydrogen bond donor feature has been

shown not to play a role for activity against 5-LOX.

In conclusion, the chemical features that a molecule should possess in
order to be a 5-LOX enzyme inhibitor are all represented in our
pharmacophore, although it has been generated using a ligand based approach

and without considering structural information of the target.

116



Chapter-I11
Pharmacophore modeling of 5-LOX

3.4. Conclusion

In conclusion, in this study, chemical feature based pharmacophore
modeling of inhibitors of 5-LOX has been carried out by using HypoGen
module within Catalyst program package. The best HypoGen model, which
was characterized by the lowest total cost (108.338), the lowest RMSD
(0.602576) and the best correlation coefficient (0.974978), consists of two
hydrogen bond acceptors, one hydrophobic and one ring aromatic feature.
Both test set and cross validation methods have been used to validate the
pharmacophore model, Hypol. Results obtained by using the test set method
show a fairly good correlation between the experimental and predicted 1Cso
values, indicating a good predictive ability. The statistical confidence of Hypol
has also been confirmed by using CatScramble program within Catalyst. Thus,
the pharmacophore model that we developed should be helpful in identifying
novel lead compounds with improved inhibitory activity through 3D database

searches and useful in designing novel 5-LOX inhibitors.
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4.1. Introduction

Virtual screening is a strategy for bringing a more focused approach to
HTS by using computational analysis to select a subset of compounds
considered to be appropriate for a given receptor. Clearly, this strategy implies
that some information is available regarding either the nature of the receptor
binding site or the type of ligand that is expected to bind productively, or both
[Mclnnes et al., 2007; Villoutreix et al., 2009]. It should be stressed that virtual
screening encompasses a variety of computational screens, from the simplistic
to the sophisticated and hence can usefully exploit different types of
information describing the receptor [Klebe, 2006]. Likewise it can be used to
produce either a much focused subset of compounds (for example, if only close
structural analogs of a lead compound are of interest) or a very open ended
subset (for example, a restriction on size, as described by molecular weight,
may be the only constraint applied). Such issues relate to the objectives of a
particular research project. For example, an HTS program may be already up
and running, and the problem to be addressed is which set of 1,00,000
compounds from a database of one million should be assayed first. At the
other end of the scale, a newly discovered receptor may have a low-throughput
binding assay, and a far more focused set of compounds needs to be selected
[Waszkowycz et al., 2001]. In theory, the applicability of virtual screening is

limited only by what properties of a compound can be calculated
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computationally and the perceived relevance of those properties to the

problem in hand.

On a practical level, further considerations include:

The timescale for calculation of the properties, which may be
considerable for a database of, say, one million compounds

The accuracy or meaningfulness of the properties, particularly so when
computationally cheap methods are applied

Methods for analysis of the data—not a trivial problem, since high-
throughput modeling, as with HTS, generates very large volumes of
data

The software and hardware required to yield a timely answer

The main computational filters that are available to virtual screening (in terms

of increasing sophistication and computational cost) can be summarized as:

1.
2.
3.

Selection on the basis of two-dimensional (2D) property profiles
Selection by means of a target-specific pharmacophore
Selection on the basis of more detailed three-dimensional (3D)

modeling: e.g., receptor-ligand docking

These methods are described below.
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4.1.1. Selection on the basis of 2D property profiles.

Regardless of whether any useful information is available to describe
the receptor or known ligands, it is often preferable to limit HTS to “drug-like”
compounds. “Drug likeness” is used to indicate a broad range of properties or
structural features that are generally important in various stages of drug
optimization, such as stability, solubility, and lipophilicity, which can all
influence drug absorption and excretion. Selection of drug-like compounds is
particularly important when compounds are sourced from suppliers’ catalogs
(where many compounds are more reagent-like than drug-like) or from a
combinatorial library. The current trend in the pharmaceutical industry is for
pharmacokinetic profiles and toxicological profiles to be evaluated at earlier
stages in the drug discovery process. Therefore, it is useful to bring some of
these concepts into the virtual screening stage, while accepting that the
calculable properties currently available are at best only vague indicators of

metabolic fate or toxicity [Waszkowycz et al., 2001].

Lipinski’s “rule-of-five” is a well-known rule-of thumb that encodes a
simple profile for orally bioavailable compounds, basing the classification on a
limit on molecular weight, lipophilicity (in terms of the partition coefficient,

log P), and hydrophilicity (in terms of counts of hydrogen bond donors and
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acceptors) [Lipinski et al., 2000]. These properties can be calculated quickly and
can be easily applied to filtering a large database. Likewise, filters can be
applied on specific chemical substructures, e.g., those associated with
problems in chemical stability or toxicity. This approach is useful if the
limitations are borne in mind and is particularly appropriate for dividing and
prioritizing a very large database into subsets that fulfill different design

criteria.

4.1.2. Selection by means of a target-specific pharmacophore.

A pharmacophore is a simplified 3D description of the key structural
features of a set of known ligands or of the target receptor. The structural
features are usually described in terms of discrete hydrogen bond donors or
acceptors, lipophilic centers, ring centroids and so on, separated in terms of
distances (more usually, distance ranges). Usually a small number of such sites
are defined, e.g. two to five. Typically these sites are derived from a set of
ligands and hence represent those features common to the ligands that are

deemed to be relevant to activity [Marshall et al., 1990].

A pharmacophore is readily used to search a database of chemical
structures. These structures need to contain 3-D models, and preferably a

conformationally flexible search is necessary so that compounds are not
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rejected on the trivial basis that an inappropriate conformer is stored in the
database. The value of the pharmacophore search is that a reasonably focused
query on 3-D structural grounds can be applied relatively quickly to a large
database (Fig. 46). The limitations are that the query may rapidly become over-
defined. It is often the case that a typical three or four-point pharmacophore
will be too restrictive and yield few interesting hits, whereas a slightly more

open-ended query may yield too many hits.

Generation of ligand Analysis of target site
3D conformation pharmacophore

J J

Generation of ligand 3D Generation of receptor
harmacophore model pharmacophore
Validation of 3D Generation of
harmacophore model harmacophore query

N 3D pharmacophore T

database search

J
L@ritization of hit compoum
J

Biological activity test

Fig. 46: Process for the ligand and receptor pharmacophore based virtual screening. A typical
process consists of the preparation of pharmacophore model, three-dimensional
database screening and selection of hit compounds. (Modified from Kim et al., 2010)
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Either way, the problem with managing the hit list is that there is
usually no effective way of ranking or scoring the hits, other than methods
based on evaluation of similarity to the initial ligands. Therefore, there is a
tendency for pharmacophore searches to yield solutions similar to those

already known, rather than a well-focused set of novel solutions.

4.1.3. Selection by means of receptor-ligand docking

The next stage up from a pharmacophore search in terms of
computational expense is explicit docking of the compound database to the
biological target of interest (Fig. 47). This stage involves objective docking of
each compound (either as a rigid or conformationally flexible model) into a
model of the receptor that is treated either as rigid or with limited side-chain
flexibility. Generally the extent of the expected binding site is defined to limit
the search. This virtual screening strategy requires a 3D database of ligands, a
3-D structure of the target receptor (either derived experimentally or from a
model built by homology to related protein structures) and a docking software

comprising an efficient searching algorithm and an accurate scoring function.
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Starting database Starting target

Check tautomers
Filter(2D Check ionizations Add H and relax
Properties) Build 3D-shape Add charges
Add charges

Prepared database Prepared target
Molecular docking

GOLD,DOCK
Glide
Auto Dock

Post process

Consensus scoring
visualization

—

Selected compounds for assay

Fig. 47: Process for the structure based virtual screening. A pictorial description of the

workflow of a structure based virtual screen run. The typical workflow consists of a

preparation phase for the database and the target, followed by a molecular docking

phase and concludes with the post-processing and compound selection phases
(Modified from Lyne, 2002).

The attraction of explicit receptor-ligand docking is that it represents the most
detailed and relevant computational model for identifying a receptor-focused
subset. In addition, it is also one of the least biased approaches. Application of
pharmacophore queries or focused 2D property profiles may significantly

inhibit the diversity of the compound subset because they are biased by the
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properties of known ligands. In contrast, the molecular docking program can
process an entire chemical database with minimal prefiltering (e.g., to
eliminate unstable or toxic moieties) so that the final selection is based on the
quality of the docked models rather than a subjective opinion of what
properties are expected in a ligand. This route is a very promising one in
finding structurally novel ligands, which may make receptor interactions
similar to known ligands or may achieve different interactions within other

binding sites. Some of the published virtual screening studies are summarized

in Fig. 48.

DNA gyrase

and antagonist forms)

LUDI, CATALYST

Target Software Package Ligand Data Set
Thymidylate synthase DOCK 153 000 ACD compounds
FK506-binding protein SANDOCK ACD and Cambridge

Crystallographic Database
Retinoic acid receptor ICM 153 000 ACD compounds
HIV-1 RNA ICM 153 000 ACD compounds
transactivation response
element
Farnesyl transferase EUDOC 67928 ACD compounds

350 000 ACD + in-house compounds

Kinesin DOCK 110 000 ACD compounds

Hypoxanthine-guanine- DOCK 599 compound virtual library
xanthine phosphoribosyl
transferase

Thrombin; factor Xa: PRO_LEADS 10 000 ChemBridge compounds
estrogen receptor

Estrogen receptor (agonist PRO_LEADS 1.1 million ACD-SC compounds

Fig. 48: Summary of recently published virtual screening studies based on receptor-ligand

docking (taken from Waszkowycz et al., 2001)
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The output of a docking-based screen is a set of 3D models of the predicted
binding mode of each compound against the receptor, together with a ranking

that is a measure of the quality of fit, if not a prediction of the binding affinity
itself. The 3D models represent the most detailed basis available for
determining which molecules are capable of fitting within the very strict
structural constraints of the receptor binding site. For a particular receptor,
ligand binding modes may be further classified with respect to the specific
receptor contacts that are achieved. Thus, the 3D models represent a very
valuable source of data for understanding the nature of ligand binding in a
given receptor and, hence, as a source of inspiration for the design of analogs

or indeed novel ligands.

4.1.4. Recent applications of pharmacophore based virtual screening

In recent years, the number of studies on pharmacophore based virtual
screening for various disease targets has dramatically increased. Advances in
the screening tools that rely on chemical feature-based pharmacophore models
have significantly influenced the rational design of new molecular entities.
Catalyst, leading software for chemical feature based pharmacophore
modeling, is arguably the most widely used program. A number of previous

studies focused on the validation of pharmacophore-based virtual screening -
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by evaluating pharmacophore models, by pharmacophore identification and
by the associated methodologies for screening - with respect to the
reproduction of the binding affinity or enrichment of hit lists from a database

of decoys.

As the 3D structure of 5-LOX was computationally derived (Chapter-I),
to decrease the changes of biased output in virtual screening, in this study,
pharmacophore based virtual screening was employed for the screening of
commercial databases. Structure based virtual screening was only used as a
later stage approach to rank the hits, so that false hits can be eradicated. After
virtual screening, five of the potential molecules identified were procured and
were validated for 5-LOX inhibition in 5-LOX enzyme. Later, the molecules
showing 5-LOX inhibition were tested for their anti-proliferative effects in
COLO cell line. 5-LOX over expression has been reported in colon polyps and
colon cancer cell lines and 5-LOX inhibitors were shown to be anti-proliferative
in colon cancer cell lines [Melstrom et al., 2008], hence the 5-LOX inhibitors

identified were checked for their anti-proliferative effects in COLO cell line.
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4.2. Methodology

4.2.1. Virtual screening

In this work, we performed ligand- based virtual screening of a large
database of lead-like commercially available compounds to identify novel 5-
LOX inhibitors. In second stage the top ranked hits from pharmacophore based
screening were docked and scored so as to remove any false hits. The virtual

screening workflow is depicted in Fig. 49.

Pharmacophore Docking and

: : Tl Invitro
Based Screening Visualization

200 thousand

molecules 2 thousand
from hits

database

15 potential Inhibitors

Fig. 49 : The virtual screening work flow. First, the pharmacophore filter is used. The
false positives are removed by the second filter, docking and visualization.
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Methodologies employed
(a) on the basis of 2D property profiles : Lipinski rule of five
(b) means of a target-specific pharmacophore

(c) means of receptor-ligand docking

The Pharmacophore query was used as a 3-D structural query in the
screening of NCI, Maybridge and Enamine databases. NCI and Maybridge
databases comprise 2,38,819 and 59,652 molecules respectively. The chemical
function based pharmacophore model was used for database searching by the
best flexible search method in Catalyst. Drug like small molecule databases
comprising molecules which follow Lipinski’s rule of 5 were obtained from
Enamine Ltd., Ukraine. These databases contain molecules which follow

Lipinski’s rule of 5.

The top 5,000 molecules with molecular weight with in 250 to 600 were
taken. In the second step, we conducted structure-based virtual screening by
docking the top molecules with the above described homology model of 5-
LOX. Docking of the molecules into 5-LOX was carried out using GOLD
version 3.1 (Cambridge Crystallographic Data Center, Cambridge, United
Kingdom) [Jones et al., 1997]. GOLD is based on the genetic algorithm. It

performs docking of flexible ligands into proteins with partial flexibility in the
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neighborhood of the active site. The parameters used for GA were population
size (100), selection pressure (1.1), number of operations (100,000), number of
islands (5) and niche size (2). Operator parameters for crossover, mutation and
migration were set to 95, 95 and 10 respectively. To quantitate the interactions
in the protein-ligand complexes, the scoring function GOLD score was
employed. Default cutoff values of 2.5 A (dn.x) for hydrogen bonds and 4.0 A
for Vander Waals were employed. During docking, the default algorithm
speed was selected and the ligand binding site in the 5-LOX was defined as
discussed in docking studies section of Chapter I. The number of poses for
each inhibitor was set to 100, and early termination was allowed if the top
three bound conformations of a ligand were within 1.5 A RMSD. After
docking, the individual binding poses of each ligand were observed and their
interactions with the protein were studied. The best and most energetically
favorable conformation of each ligand was selected. Top 1000 molecules were

taken and were complexed with 5-LOX.

In the third step, the complexes were taken and scored using Ludi and
Ligandfit in Accelrys Discover Studio. Since there is no generally applicable
scoring function so far, the compounds which were commonly scored top by
various applications were ranked higher. After screening the protein-ligand

interactions were visualized and potential compounds were identified.
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Among the potential compounds identified only few compounds were
readily available with the vendors. 5 compounds were selected (L11-L15) and
purchased from Enamine Ltd., Ukraine to further test their efficacy with 5-LOX

and thus to validate the pharmacophore model developed.

4.2.2. Biological evaluation

4.2.2.1. In vitro 5-LOX inhibitory assay

5-LOX was purified and assayed as per the method described by
Reddanna et al., (1990). Enzyme activity was measured using polarographic
method with a Clark’s oxygen electrode on Strathkelvin Instruments, model
782, RC-300. Typical reaction mixture contained 50-100 pl of enzyme and 10 pl
of substrate (133 pM of arachidonic acid) in a final volume of 3 ml with 100
mM phosphate buffer pH 6.3. Rate of decrease in oxygen concentration was
taken as a measure of enzyme activity. Stock solutions of test compounds L11-
L15 were prepared immediately before use, were dissolved in DMSO. Various
concentrations of test drug solutions were added and the LOX reaction was
initiated by the addition of substrate. The reaction was allowed to proceed at
25 °C and the maximum slope generated was taken for calculating activity.

Percent inhibition was calculated by comparison of LOX activity in the
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presence and absence of inhibitor. The concentration of the test compound
causing 50% inhibition (ICso, pM) was calculated from the concentration-

inhibition response curve. Each assay was repeated thrice.

4.2.2.2. In vitro anti-proliferative effects on COLO cell line

COLO-205 cell line used in this study was maintained in monolayer in
tissue culture Petri dishes. Medium for the cell line was RPMI-1640
supplemented with 10% heat inactivated fetal bovine serum (FBS) 100 IU/ml
penicillin, 100 pg/ml streptomycin and 2 mM L-glutamine. The cell line was
maintained in a humidified atmosphere with 5% CO; at 37 °C. The cultured
cells were passaged twice a week, seeding at a density of 5 X 103 cells per well
in 96 well plate before the day of experiment. Before the treatment with test

compound cells were washed with PBS and fresh medium was added.

Cell proliferation was assessed using the 3-(4,5-dimethylthiazol-2-yl)-2,
5- diphenyl tetrazolium bromide (MTT) staining as described by Mosmann et
al. (1983). The MTT assay is based on the reduction of the tetrazolium salt,
MTT, by viable cells. The NADH or NADPH generated in the living cells,
convert the yellow form of the MTT salt to insoluble, purple formazan crystals.

The absorbance of the formazan solution can be measured
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spectrophotometrically after dissolving the crystals in an organic solvent
(DMSO). Cells (5 X 103 cells per well) were incubated in 96-well plates in the
presence or absence of the test compounds (0.1-100 uM) for 24 h in a final
volume of 100 pl. At the end of the treatment, 20 ul of MTT (5 mg/ml in PBS)
was added to each well and incubated for an additional 4 h at 37 °C. The
purple-blue MTT formazan precipitate was dissolved in 100 pl of DMSO. The
activity of the mitochondria, reflecting cellular growth and viability, was
evaluated by measuring the optical density at 570 nm on Quant Bio-tek
Instruments, Inc. micro titer plate reader. Each concentration was tested in

three different experiments run in three replicates.

4.3. Results and discussion

4.3.1. Screening and identification of potential 5-LOX inhibitors

Three chemical databases (Maybridge, NCI, Enamine) containing 2
million compounds in total were screened utilizing the 5-LOX pharmacophore
model developed as a query and 15,162 unique structures (8% of all virtually
screened compounds) were able to match the pharmacophore model. The top
5000 molecules were further docked into 5-LOX active site using GOLD

software. Most of the molecules showed positive Gold Score and were ranked
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using GoldScore function. The top 1000 molecules were complexed with 5-LOX
and the protein-ligand interactions were scored using LUDI of Accelrys
Discover Studio. The molecules which were commonly scored higher by all the
programs were identified and were ranked as potential. As the molecules from
the drug like databases of Enamine Ltd., Ukraine were readily available and
followed Lipinski’s rule of 5, potential molecules from that database were
given preference in the study.

Table-9: Some of the potential hits (L1 to L15) identified

Compounds Structure GOLD LUDI score
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Some of the potential molecules (L1-L15) are listed in Table- 9. Of the
potential molecules identified, 5 compounds (L11-L15) that were available
readily and structurally diverse were procured. In order to know whether any
biological activity of the molecules was previously reported these compounds
were used as queries for a SciFinder database search. None of the selected
molecules could be retrieved in the search. The selected molecules and their
properties like LogP, Mol Wt., number of hydrogen bond acceptors, hydrogen
bond donors, no. of rotatable bonds and number of violations of Lipinski’s rule

are summarized in Fig. 51.

Fig. 50: One of the potential molecules identified, L11 mapped on to the

pharmacophore model. Pharmacophore features are color-coded with light-blue

for hydrophobic feature, orange for ring aromatic feature and green for
hydrogen-bond acceptor.
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Fig. 51:

properties lie within Lipinski’s rule of 5 range with no violations

Selected molecules (hits) and their molecular properties. All the
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4.3.2. Biological evaluation of the hits

4.3.2.1. In vitro assay

The potential 5-LOX inhibitory molecules, selected basing on in silico
pharmacophore screening, were tested in vitro for their inhibitory properties
against 5-LOX enzyme using the assay described by Reddanna et al., (1990).
Out of the five molecules tested only L11 and L13 showed inhibition at a
concentration of 100 uM. The other three compounds (L12, L14 and L15)
showed no inhibition up to 100 uM concentration. The most active molecule of

the two, L11 showed potent inhibition of 5-LOX (Fig. 52) with an ICsp value of

14 pM.
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Fig. 52: Effect of L11 on 5-LOX activities. Data are the mean of three independent assays.
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L13 showed inhibition activity towards 5-LOX with an ICso of 35 uM (Fig. 53).
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Fig. 53: Effect of L13 on 5-LOX activities. Data are the mean of three independent assays

Fig. 54: Interactions of L11 with 5-LOX. The labeled amino acids Thr279, His525, Ser863
and Ile864 form hydrogen bond interactions within 5-LOX active site
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4.3.2.2. In vitro anti-proliferative effects

To test the anti-cancer/ anti-proliferative effects of the 5-LOX inhibitors,
cancer cell line- COLO-205 (colon cancer) was used. The cells were incubated
with different concentrations of compounds for 24 h and the cell viability was
measured by MTT assay. The Glso values for different compounds obtained
were shown in Fig. 55. As can be seen in the figure L11 and L13 showed anti-

proliferative effects in a dose dependent manner, with Glso of 46.5 uM and 67.0

uM respectively.
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Fig. 55: Effect of the two molecules on the proliferation of COLO-205 cell line. The cells were
incubated with different concentrations of compounds for 24 h and the cell viability
was measured by MTT assay. Dose dependent growth inhibition was observed in the
tested cell line. The number of cells in the control was taken as 100%. The values
represent the mean + S.E.M from three independent experiments.

*Indicates statistical significance with P<0.05.
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5-LOX association with asthma, GERD and various other inflammatory
disorders is well known. Recently, several studies have shown that eicosanoids
produced by 5-LOX play important roles in the development of cancer
[Goosens et al., 2007]. Earlier reports suggest that 5-LOX is up-regulated in
colorectal cancer and that inhibition of its expression might be valuable in the
prevention and treatment of colorectal cancer [Soumaoro et al., 2006]. Two
studies have shown a relationship between 5-LOX over expression in colon
cancer and poor prognosis. Hence the 5-LOX inhibitors identified by
pharmacophore based virtual screening have been screened for their anti-
proliferative properties. These studies showed a dose dependent inhibition in
the growth of COLO-205 cell line by both L11 and L13 and showed Gls of 46.5
uM and 67 pM respectively. Further studies however are needed to understand
the mechanism(s) involved in the growth inhibition of COLO-205 cells by the

5-LOX inhibitors identified in this study.

4.4. Conclusion

In the present study, 5-LOX inhibitors were successfully identified by
employing pharmacophore based virtual screening which validates the
pharmacophore model generated and explains its usefulness in predicting
activities of large datasets of molecules. In Summary, by using pharmacophore

based virtual screening and docking, two compounds L11 and L13 were
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identified as 5-LOX inhibitors with ICso of 14 uM and 35 uM respectively. The
molecules also showed anti proliferative effects on COLO-205 cell line. These
studies thus validate the pharmacophore model generated and suggest the

usefulness of the model in screening of various small molecule libraries.
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Conclusions

5-Lipoxygenase (5-LOX) is the key enzyme involved in the biosynthesis
of leukotrienes, the mediators of allergy, asthma, GERD, Crohn's disease and
other inflammatory disorders. Recent studies have shown its role in cancer
stem cells in CML. 5-LOX is also shown associated with various cancers. As 5-
LOX is implicated in many inflammatory disorders, there is growing emphasis
by many pharmaceutical companies and academic research groups on the
development of effective 5-LOX inhibitors. Lack of crystal structure
information of 5-LOX, however, has been an obstacle for the application of
structure based drug design strategies. Homology models of lipoxygenase
enzymes have been used in several previous studies for purposes other than
inhibitor discovery. Specifically, homology models were sometimes used in
combination with docking methods, to propose models for substrate binding

in various LOXs.

In the present study, homology modeling strategy was employed to
generate 3D model of 5-LOX, which was further used in various lead
optimization studies. An inactive molecule with ICsp of 760 pM was modified
into active molecule of ICsyp of 6.4 pM using site point connection methods.
Even though the studies did not yield novel lead structures with nano molar
activity, the designed structures will probably represent examples of a

prospective lead series with micro molar activities that require further
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optimization. The model can be considered as a working tool for generating
hypotheses and designing further experimental studies and more precise
predictions of function and binding affinities of inhibitors. The structure based
lead optimization studies presented provides a pathway to design novel anti-

asthma/ anti-cancer compounds.

Based on the fact the chemical properties of the designed molecules are
appropriate, it is reasonable to classify them as drug-like compounds. Our
work will hopefully find application in the platform construction for structure-

based 5-LOX inhibitor discovery.

Pharmacophore model is widely employed to quantitatively explore
common chemical characteristics among a considerable number of structures
with great diversity. Such a model could also be used as a query for searching
chemical databases and find new chemical entities. In our study, 5-LOX
pharmacophore model was developed using HypoGen module in Catalyst.
Then the best quantitative pharmacophore model generated was used as a 3D

query to screen several commercial databases.

Our ligand based virtual screening studies resulted in the identification

of two 5-LOX inhibitors with an ICso of 14 uM and 35 pM respectively. Of only
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5 molecules tested for in vitro activity against 5-LOX, two molecules showed
inhibition of ICsp less than 100 uM. The 5-LOX inhibitors also showed anti-
proliferative effects on COLO-205 cell line, a colon cancer line in which 5-LOX
is known to be over expressed with a Glso of 46.5 uM and 67 uM respectively.
Our results suggest that virtual screening against the pharmacophore models
is capable of identifying potential inhibitors at a rate higher than in random
compound selection. The pharmacophore model can be helpful in identifying
novel 5-LOX inhibitors through 3D database searches and useful in designing

more potential molecules.

These studies thus provide a homology model and pharmacophore
model, which will be helpful in designing novel 5-LOX inhibitors. This study
assumes importance in the light of key role played by 5-LOX in various
pathological manifestations and lack of crystal structure for use in molecular

modeling and design studies.
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